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Decades of quantitative genetics research has led to the conclusion that all human 
behavioural traits tested to date show genetic influence to varying degrees. However, 
powerful individual-level genetic prediction based on measured genetic variation has only 
become feasible more recently through technological and methodological advancements. 
Especially over the past decade, the application of genetic prediction methods has grown 
exponentially, permeating research in the social, behavioural and biomedical sciences.  
 
This thesis seeks to investigate developmental and multivariate research questions, as well 
as genotype-environment interplay through the use of a broad range of polygenic scores 
analysis approaches and phenotypes. The research sample in this work was the UK Twins 
Early Development Study (TEDS), utilised to investigate the predictive accuracy of a 
genome-wide polygenic score (GPS) for years of education for a variety of cognitive and non-
cognitive traits (Chapter 2 and 3); the shared genetic aetiology between a range of psychiatric 
disorders (Chapter 4); potential genotype-environment interactions (GxE) for education and 
intelligence using the polygenic score for years of education (Chapter 2);  the influence of 
evocative genotype-environment correlation (rGE) in the relationship between child body-
mass index and parental feeding practices (Chapter 5); and finally, the effect of passive rGE 
on polygenic score prediction estimates across various trait domains by comparing within- 
and between-family polygenic score predictions (Chapter 6). 
 
This thesis provided evidence that 1) target trait prediction estimates of the GPS for years of 
education represent the strongest polygenic prediction of any behavioural trait; 2) the GPS 
for years of education is associated with a wide range of traits, including cognition, 
personality, BMI, physical and mental health, and environmental measures; 3) the 
substantial genetic overlap between psychiatric disorders may be due to a common genetic 
factor; 4) there is no evidence for GxE for cognitive and educational outcomes using the GPS 
for years of education; and 5) evocative and passive rGE can be detected and quantified 
through GPS analysis.  
 
Leveraging a broad range of phenotypes and GPS, this thesis illustrates the usefulness of the 
polygenic score approach in research. General implications, limitations and future 
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Chapter 1 – General Introduction 
Decades of quantitative genetics research has led to the conclusion that all human 
behavioural traits tested to date show genetic influence to varying degrees (Knopik, 
Neiderhiser, DeFries, & Plomin, 2017; Polderman et al., 2015; Turkheimer, 2000), however, 
powerful individual-level genetic prediction based on measured genetic variation has only 
become tangible more recently through technological and methodological advancements. 
Especially over the past decade, the application of genetic prediction methods has grown 
exponentially, permeating research in the social, behavioural and biomedical sciences. This 
progress has opened up novel opportunities to investigate developmental and multivariate 
research questions, as well as genotype-environment interplay, and it is these investigations 
that represent the broad key aims of this thesis.  
 
It is the aim of Chapter 1 to provide an overview of human complex trait genetics and 
genome-wide association analyses to offer context to the polygenic scoring method, with an 
emphasis on recent advancements in the field.  
 
The polygenic model for quantitative traits 
 
In 1866, Mendel discovered distinct inheritance patterns for discrete pea plant traits, which 
accurately predicted categorical trait outcome probabilities in offspring generations 
(Mendel, 1866). His principles of genetic inheritance became highly influential in the 
understanding of genetic transmission of monogenic traits in humans, where the trait 
outcome is entirely dependent on the inheritance of dominant or recessive alleles for a single 
genetic marker. However, monogenic traits make up only a small fraction of all human traits, 
and Mendel’s laws appeared too simplistic at first to explain the generation of quantitative 
traits (Lander & Kruglyak, 1995; Nadeau, 2001). Quantitative traits are characterised by their 
variation in a population, for which individuals can display any value on a continuous scale.  
 
In 1918, the biometrician Fisher proposed the now widely applied infinitesimal model, 
stating that all genetic variants with small effect each contribute to the development of 
quantitative traits (Fisher, 1918), as opposed to single genetic markers as previously 
suggested. This model assumes that although genetic transmission is based on Mendelian 
inheritance patterns, genetic effects operate additively rather than through dominant or 
recessive mechanisms. This polygenic model of inheritance suggests that when aggregating 
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multiple trait-associated alleles, the combined effect allele frequency distribution will 
approach a normal distribution based on the central limit theorem (Falconer & MacKay, 
1996). This expectation translates to few individuals carrying either a small or a large number 
of trait increasing alleles, and to most individuals carrying close to the average number of 
trait increasing alleles in a population. Quantitative traits are also often referred to as 
complex traits, as quantitative trait variation is typically the result of highly polygenic 
architecture and multifaceted environmental influences (Neale, Ferreira, Medland, & 
Posthuma, 2008).  
 
Before genome-wide genotyping technologies became available, family studies, including 
twin and adoption studies, were the exclusive approaches for the estimation of overall 
genetic and environmental influences in trait variability (Knopik et al., 2017). Using 
expectations about genetic relatedness between family members based on biometrical 
genetics theory, it is possible to derive a measure of genetic influence through contrasting 
trait resemblance between family members of varying degrees of genetic relatedness 
(Mather & Jinks, 1977). Genetic influence can be described by the variance component 
narrow-sense heritability (h2), which is the proportion of phenotypic variability that is caused 














Equation 1. Definition of heritability. 
 
with A, D, C and E being additive and dominant genetic effects, shared environmental and 
non-shared environmental effects, respectively. The denominator represents the total 
phenotypic variance.  
 
Thousands of quantitative genetics studies conducted over the past 50 years have led to the 
overall conclusion that all complex human traits studied to date show genetic influence 
(Knopik et al., 2017; Polderman et al., 2015; Turkheimer, 2000). Although there has been 
recent progress, it has proven difficult in statistical genetics research to reproduce h2pedigree 
estimates from family studies based on directly measured genetic variation – also known as 
the missing heritability problem (Manolio et al., 2009).  
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Genetic association and prediction 
 
One of the first attempts to identify genomic regions related to specific trait outcomes were 
linkage studies, which typically study pedigrees that show a pattern of disease penetrance 
(Neale et al., 2008). The success of linkage analysis is limited to true Mendelian disorders 
where effect sizes of culprit genes are large (Glazier, Nadeau, & Aitman, 2002). Due to the 
polygenic architecture of complex traits, where effects of individual genetic variants are 
additive and small, linkage analysis is severely underpowered to detect any of these effects 
(Risch & Merikangas, 1996; Teare & Barrett, 2005). 
 
With the advent of technological advances, the focus of genetic research shifted to a genome-
wide approach. The International HapMap project (The International HapMap Consortium, 
2003) identified the correlation patterns between genetic markers across the human genome 
(i.e. linkage disequilibrium; LD), consequently pinpointing genetic markers that are 
independent from one another. Owing to this success, modern genotyping microarrays are 
designed to leverage this information, obtaining maximum coverage with a relatively small 
number of genetic variants (Daly, Rioux, Schaffner, Hudson, & Lander, 2001; Gabriel et al., 
2002; Johnson et al., 2001; The International HapMap Consortium, 2003). Although there are 
several types of genetic variation, such as copy number variation, insertions and deletions, 
microarrays predominantly capture common genetic variation (minor allele frequency 
(MAF) typically > 1%) using single nucleotide polymorphisms (SNPs). SNPs are the most 
frequent form of genetic variation in humans (The 1000 Genomes Project Consortium et al., 
2015), and are single base pair changes across the genome that correspond with phenotypic 
differences between individuals. Due to the high LD across the human genome, statistical 
techniques can be employed to impute genotypes from microarray assays (Marchini & 
Howie, 2010) using reference panels such as from the 1000 Genomes Project (The 1000 
Genomes Project Consortium et al., 2015) or the Haplotype Reference Consortium 
(McCarthy et al., 2016) to obtain a large coverage of SNPs for further analysis. The advantages 
of microarray genotyping are cost-effectiveness, efficiency, and accuracy (Syvänen, 2005). 
However, genotyping platforms are unable to capture rare or de novo mutations, and due to 
the limited selection of SNPs most likely do not include variants that are truly causal, but 
variants that are tagged by LD to the causal variant (Visscher et al., 2017; Wray et al., 2013).  
 
Genome-wide association  
15
 
The aim of genome-wide association (GWA) studies is to discover single SNPs that are 
associated with an outcome trait using a systematic approach that is agnostic to the causal 
variants or genes (often termed ‘hypothesis-free’). SNP discoveries from GWA analysis can 
be informative in two main ways: they may be the foundation for further aetiological 
research into biological mechanisms, or may be utilised as biomarkers that tag heritable trait 
variance. For the purpose of this thesis, the focus will be on the latter. 
 
For SNP discovery, genetic data can be modelled based on the assumption of dominant, 
recessive, or multiplicative genetic effects, but GWA studies most commonly apply an 
additive model. This model assumes that an increasing number of trait associated alleles 
relates to a linear increase in the phenotypic trait values in a population. Associations are 
tested between each SNP across the genome and the phenotypic trait values in the sample 
population, using a linear regression model for continuous traits, and a logistic model for 
binary outcomes (Bush & Moore, 2012). The two main broad findings from GWA analyses so 
far are extreme polygenicity and pleiotropy (i.e. one SNP affecting several traits) across the 
genome (Visscher et al., 2017; Visscher, Brown, McCarthy, & Yang, 2012a).  
 
The influence of a SNP is evaluated based on two metrics: statistical significance and the 
effect size of the association. The statistical significance threshold in GWA studies is 5e-8, 
based on a Bonferroni correction on the number of independent SNPs across the genome to 
account for an inflation of Type I errors due to extensive multiple testing (Gratten, Wray, 
Keller, & Visscher, 2014; Jannot, Ehret, & Perneger, 2015). Genome-wide significant SNP 
effect sizes are much smaller than initially anticipated, typically explaining less than 0.1% of 
the phenotypic variance each  (Visscher et al., 2012a; Visscher, Goddard, Derks, & Wray, 
2012b). This general finding from GWA research highlights the extreme scale of polygenicity 
to the contribution of heritability.  
 
The highly conservative significance threshold applied in GWA together with the small 
individual SNP effect sizes poses a challenge for obtaining adequate statistical power. Power 
in GWA studies depends on multiple factors, including study sample size, phenotype 
heterogeneity and measurement accuracy, the overall number of causal SNPs, and the 
distribution of these SNP effect sizes (Korte & Farlow, 2013; Visscher et al., 2017). The scale of 
sample sizes required has become particularly apparent through the recent accessibility to 
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enormous study samples. These have become possible due the availability of cost-effective 
and efficient genotyping technology, giving rise to large population biobanks, as well as 
international collaborations between academia and industry. For example, GWA meta-
analyses on height led to 180 SNP discoveries for height based on 183,727 individuals, 697 SNP 
associations in a sample of 254,288 individuals, and 1185 height-associated SNPs in 693,529 
individuals (Allen et al., 2010; Wood et al., 2014; Yengo et al., 2018). In psychiatric genetics, an 
increase in power due to larger GWA study samples has also led to an increase in genetic 
discoveries, albeit the overall number of discoveries remains relatively low. For example, a 
GWA study on schizophrenia including 9,394 cases and 12,462 controls yielded seven 
significant SNPs, a later study with 36,989 cases and 113,075 controls identified 128 SNPs, 
whereas the latest meta-analysis of 40,675 cases and 64,643 controls identified 179 
independent SNPs (Pardiñas et al., 2018; Ripke et al., 2011; Schizophrenia Working Group of 
the Psychiatric Genomics Consortium, 2014). A recent GWA meta-analysis on major 
depressive disorder only discovered 44 SNPs, despite being the largest psychiatric genetics 
study with a sample of 135,458 cases and 344,901 controls (Wray et al., 2018). These findings 
indicate that even the currently available large sample sizes are not yet sufficient to identify 
all causal variants. This is likely due to population disorder prevalence and phenotype 
heterogeneity for some disorders (Gratten et al., 2014). Another explanation might be 
extremely small SNP effects sizes, and that genotyping arrays do not capture structural and 
rare mutations, which have been shown to influence the development of psychiatric traits 
(Smoller et al., 2019).  
 
The most successful GWA study for any behavioural trait deployed a proxy-phenotype 
approach, which used the trait years of education as a marker of educational success (Rietveld 
et al., 2014). This approach made it possible to obtain very large sample sizes, because years 
of education is assessed in most GWA studies as a standard demographic variable. The 
aggregation and meta-analysis of this data was achieved by standardising multi-national 
cohort data to the International Standard Classification of Education scale (UNESCO 
Institute for Statistics, 2006). Since the publication on the first GWA study on years of 
education on 126,559 individuals in 2014 (Rietveld et al., 2014), two follow-up meta-analyses 
were published, including 294,723 and 1,131,881 individuals respectively (Lee et al., 2018; 
Okbay et al., 2016), with the latter being the largest GWA meta-analysis conducted to date 
for any trait. This study identified 1,271 independent SNPs, on average explaining ~0.02% of 
the phenotypic variance each.  
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Not only have GWA studies been useful in identifying and replicating SNP discoveries and 
in revealing the extreme level of polygenicity, they have also highlighted the vast scale of 
pleiotropy across human complex traits (Bulik-Sullivan, Finucane, et al., 2015b; Cross-
Disorder Group of the Psychiatric Genomics Consortium, 2013; Shi, Kichaev, & Pasaniuc, 
2016; Sivakumaran et al., 2011; Visscher & Yang, 2016). Pleiotropy describes the scenario 
where one genetic marker affects several traits. For example, an early study by the Cross 
Disorder Group of the Psychiatric Genetics Consortium based on a total of 33,332 cases and 
27,888 controls showed four SNPs that were significantly associated with a range of 
psychiatric disorders, and that overall genetic risk associated with specific disorders 
predicted cross-disorder liability (Cross-Disorder Group of the Psychiatric Genomics 
Consortium, 2013). A recent cross-disorder meta-analysis of  232,964 cases and 494,162 
controls of eight psychiatric traits indicated that at least two disorders significantly shared 
109 pleiotropic genetic variants, and at least four disorders had 23 markers in common 
(Cross-Disorder Group of the Psychiatric Genomics Consortium et al., 2019).  
 
Beyond genome-wide significant pleiotropic effects, the vast scale of pleiotropy across the 
genome is now widely accepted, with potentially thousands of genetic variants with small 
effect each contributing to the phenotypic association between traits (Bulik-Sullivan, 
Finucane, et al., 2015b; Docherty, Moscati, & Fanous, 2016; Shi, Mancuso, Spendlove, & 
Pasaniuc, 2017). The extent of genetic pleiotropy between two traits can be expressed 
through genetic correlation, which is the ratio of the genetic covariance and the genetic 





Equation 2. Definition of genetic correlation. 
 
Where -./, represents the genetic covariance between trait 3 and trait 4, and  %&1"  and %&2" the 
additive genetic variance of trait 3 and trait 4, respectively. If +,= 0, there are no shared 
genetic effects between the traits, and if +,= 1, this indicates a total overlap between the 
genetic factors. Nevertheless, it is often not possible to distinguish between biological (or 
horizontal) pleiotropy, where one DNA marker directly affects several traits, and mediated 
18
(or vertical) pleiotropy, where one DNA marker directly affects one trait, which then in turn 
affects another trait (Solovieff, Cotsapas, Lee, Purcell, & Smoller, 2013). 
 
Polygenic score prediction 
 
Initially, the main goal of GWA analysis was to identify single SNPs that can be used to trace 
mechanisms from genes to brain to trait (eg. behaviour). Given the challenges posed by small 
effect sizes due to extreme polygenicity, a new approach emerged by changing the focus 
from statistical significance to genetic prediction in independent samples. Predictive power 
can be greatly increased by aggregating genetic effects estimated through GWA analysis 
across SNPs even if they do not individually reach genome-wide statistical significance 
(Dudbridge, 2013; Palla & Dudbridge, 2015). This approach is consistent with the polygenic 
model of inheritance (Fisher, 1918) and was first successfully applied to predict schizophrenia 
risk using summary data from a GWA study on schizophrenia (Purcell et al., 2009). 
Aggregate scores of a large number of genetic effects have been shown to be more predictive 
of trait outcomes than genetic instruments that include a few genome-wide significant SNPs 
(Okbay et al., 2016; Purcell et al., 2009; Yengo et al., 2018).  
 
A genome-wide polygenic score (GPS) is the sum of the weighted count of the number of 






Equation 3. Definition of a polygenic score. 
 
where 5678  represents the GPS of the ?@A  individual in the target sample, which should be 
independent from and unrelated to the GWA (i.e. discovery) study sample, and B ∈ {1,2, . . , H} 
and indexes the	H number of SNPs included in the GWA analysis. 5;  reflects the genotype 
dosage (0, 1, or 2 alleles) of SNP B. b:;  represents an estimate of the true effects size of SNP B 
as obtained through GWA analysis. This effect is measured imperfectly for various reasons, 
such as low statistical power for GWA analysis leading to sampling variance on genetic effect 
sizes, the inclusion of SNPs in the analysis that are not causal but in LD with the causal 
variants, or measurement error of the trait in question (Barendse, 2011; Dudbridge, 2013). 
Overall, the more genetic markers that are included in the GPS, the greater will be the 
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measurement error in the aggregate score (Dudbridge, 2016), highlighting the need for 
precise effect size estimates.  
 
The statistical power of GPS prediction depends on several factors. These are mainly related 
to the discovery (i.e. GWA) study sample size, the genetic covariance between discovery and 
target sample, the heritable trait variance of the phenotype, the number of causal markers 
that contribute to the genetic variance, disease prevalence for binary disorders, and lastly, 
target sample size (Dudbridge, 2013; Palla & Dudbridge, 2015; Wray, Goddard, & Visscher, 
2007). Importantly, predictive performance of the GPS relies strongly on the discovery 
sample size. For example, a GPS for years of education based on a discovery sample of 293,723 
predicting 3.2% of the variance in educational achievement requires only 250 individuals in 
the target sample to achieve 80% power (Okbay et al., 2016), https://tinyurl.com/y56ec8jh).  
  
When building a GPS, a critical step is to account for LD among the genetic variants in the 
target sample, as it can lead to an upward bias of the explained trait variance (Bulik-Sullivan, 
Loh, et al., 2015a). The effect of each genetic marker on the trait is estimated individually in 
GWA analysis, therefore SNPs that are in LD tag the effects of their surrounding variants. As 
a result, a first step to polygenic scoring is to create a thinned set of independent genetic 
markers. One approach is to perform clumping, which starts with the selection of the most 
significant SNP based on GWA analysis, and only retains subsequent SNPs in order of their 
p-value if their location does not fall within a specified window of previously selected SNPs. 
A common software for polygenic score creation that uses this approach is PRSice (Euesden, 
Lewis, & O'Reilly, 2015), which selects SNPs for inclusion in the GPS based on their p-value 
threshold. Here, the selection of p-value thresholds can be defined manually. Alternatively, 
a ‘best-fit’ approach can be applied, whereby many GPS are calculated between the p-value 
thresholds of 0 and 1 for any given stepwise p-value increment. Linear regressions are then 
run for each GPS and the outcome, and the ‘best-fit’ GPS with the highest variance explained 
is selected for further analysis.  
 
A different method incorporates a Bayesian approach, implemented in the software LDpred 
(Vilhjalmsson et al., 2015). Rather than removing markers through clumping, LDpred retains 
all SNPs but adjusts b:
;
 to account for local LD, and a prior on the effect size of each SNP 
given the assumed genetic architecture of the trait. This prior depends on the genetic 
variance of the discovery trait and an assumption about the fraction of causal markers 
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believed to influence the discovery trait. For example, a causal fraction of 1 implies the 
assumption that all SNPs causally influence the discovery trait. Therefore, the prior re-
weights the b:
;
 such that the effects are spread out amongst the SNPs across the whole 
genome in proportion to the LD present amongst these SNPs. 
 
Applications of genome-wide polygenic scores 
 
Target- and cross-trait prediction 
 
One of the main applications for GPS in this thesis is association testing by relating the 
polygenic score variance to phenotypic variance in a sample, which was performed in all 
research included in Chapters 2 - 6. The strength of the association is evaluated through the 








" (1 − J
")
 
Equation 4. Definition of the proportion of phenotypic variance explained by a quantitative 
genetic predictor. 
 
Where J" represents the proportion of phenotypic variance explained by the N 
independent SNPs that account for the ℎKLM
"  proportion of the total phenotypic variance in 
a GWA study with O number of individuals (Daetwyler, Villanueva, & Woolliams, 2008; 
Wray et al., 2013). Equation 4 applies to target-trait prediction, where a GPS for a specific trait 
predicts the same phenotypic outcome, and also to cross-trait prediction, where the GPS for 
a specific trait predicts a different phenotypic trait. The latter approach can be used if the 
target GWA analysis is underpowered and a more powered GWA study is available for a 
correlated trait (Chapter 2 & 3), or if the aim is to investigate shared aetiology between 
different traits due to pleiotropy (Chapter 3 & 4) (Choi, Mak, & O'Reilly, 2018).  
 








Equation 5. The GPS prediction relative to the total genetic variance. 
 
which evaluates the phenotypic variance explained by the genetic predictor relative to the 
maximum genetic prediction possible as defined through ℎKLM
" . Therefore, ℎKLM
"  represents 
the ceiling of GPS predictions, and is also commonly referred to as chip-ℎ" because it is 
estimated using SNPs genotyped on microarray chips. Additive genetic variance based on 
SNPs can be estimated through individual-level genotypes by applying a mixed-effects 
linear model as implemented in GCTA-REML (Yang, Lee, Goddard, & Visscher, 2011) or 
LDAK (Speed et al., 2017). GWA summary statistic-based methods to estimate ℎKLM
" , such as 
LDSC, have also gained popularity. This method is based on the principle that the presence 
of LD across the genome is correlated with the upward bias of the individual SNP test 
statistics as estimated through GWA analysis, and the magnitude of this correlation is 
indicative of polygenic signal (Bulik-Sullivan, Loh, et al., 2015a). ℎKLM
"  is generally lower than 
ℎTUV8,WUU
"  because it only captures additive genetic effects of the common variants measured 
on the microarray or that are imputed, and does not include effects of rare variants or non-
additive effects (epistasis, dominance). Genetic effects are currently estimated with a certain 
degree of error due to insufficient power in GWA analysis, which is partly why J" is 
generally smaller than  ℎKLM
" .  
 
Investigating genotype-environment interplay using polygenic scores 
 
The principles described above can also be applied to investigate genotype-environment 
interplay through polygenic score analysis. One type of genotype-environment interplay is 
genotype-environment correlation (rGE) (Knopik et al., 2017; Plomin, DeFries, & Loehlin, 
1977), which is the concept that an individual’s genetically influenced behaviour may elicit 
specific reactions from others (evocative rGE), or lead individuals to choose experiences and 
environments that correlate with their genotype (active rGE). A third type of rGE is passive 
rGE, whereby children are exposed to family environments that are partly created by, and 
therefore correlated with their parents’ genetic propensities. There is converging evidence 
from twin and adoption studies that supports rGE as a developmental mechanism. For 
example, moderate heritability estimates have been shown for exposure to life events, home 
environments including parental warmth and discipline, television viewing, and also 
behaviours that influence health outcomes, such as smoking, alcohol intake, drug 
consumption, and other risky behaviours (Ball & Collier, 2002; Bolinskey, Neale, Jacobson, 
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Prescott, & Kendler, 2004; Dick & Foroud, 2003; Jaffee & Price, 2007; Li, 2003; Plomin & 
Bergeman, 1991; Plomin, Corley, DeFries, & Fulker, 2017; Prescott, Madden, & Stallings, 2006; 
Price & Jaffee, 2008; Saudino, Pedersen, Lichtenstein, McClearn, & Plomin, 1997).  
 
However, twin studies are unable to study the genetic influence in exposures that are 
invariant to members of the same family, such as family socio-economic status (SES). 
Although adoption studies can assess genetic influence on between-family environmental 
measures, adoption data is often not easily accessible. Through the advent of DNA based 
methods in unrelated individuals, widespread evidence for rGE mechanisms emerged. For 
example, ℎKLM
"  estimates of family SES range between ~10 – 20%, and there is substantial 
genetic overlap with other traits, such as intelligence, educational achievement, physical and 
mental health, and anthropometric traits (Hill et al., 2016; Krapohl & Plomin, 2016; Marioni 
et al., 2014; Trzaskowski et al., 2014). Perhaps unsurprisingly, GPS analysis has shown that a 
polygenic score for years of education in the offspring predicts 2.5% of the variability in 
family SES and 1% of the variance in chaos at home (Krapohl et al., 2016). Another study 
established that the education GPS accounted for 23% of the covariance between breast 
feeding duration and the child’s educational achievement, and 6% and 7% of the covariation 
between corporal punishment and children’s conduct problems and attention-deficit 
hyperactivity problems, respectively (Krapohl et al., 2017). In Chapters 5 and 6, polygenic 
score analysis was applied to investigate rGE mechanisms in developmental outcomes.  
 
The other type of genotype-environment interplay is genotype-environment interaction 
(GxE), which refers to the idea that the effect of the environment on the trait outcome is 
dependent on an individual’s genotype (Knopik et al., 2017; Plomin et al., 1977; Rutter, Moffitt, 
& Caspi, 2006). For example, some twin studies have suggested that ℎTUV8,WUU
"  estimates of 
childhood intelligence vary as a function of family SES, showing that ℎTUV8,WUU
"  increases 
with family SES (Rowe, Jacobson, & Van den Oord, 1999; Tucker-Drob, Rhemtulla, Harden, 
Turkheimer, & Fask, 2010; Turkheimer, Haley, Waldron, D'Onofrio, & Gottesman, 2003). 
The interpretation is that in high SES families, genetic effects can be realized through the 
provision of environmental opportunities, whereas in low SES families the lack of 
environmental opportunities hinders the genetic potential. However, other studies have not 
been able to replicate this effect (Grant et al., 2010; Hanscombe et al., 2012; van der Sluis, 
Willemsen, de Geus, Boomsma, & Posthuma, 2008). A meta-analysis of 14 independent twin 
studies provided context to the inconsistency amongst findings, showing that a GxE effect 
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for intelligence and educational achievement was only observed in samples from the United 
States, possibly due to a higher gradient in social and educational inequality (Tucker-Drob 
& Bates, 2016). The only known GPS study that tested for a GxE effect used a polygenic score 
based on the first GWA for years of education (Rietveld et al., 2014), created in a US sample, 
and found no significant effect (Conley et al., 2015). In Chapter 2, this GxE hypothesis was 




This thesis presents work that mainly relies on the polygenic score method to  1) establish 
prediction accuracy for a variety of developmental outcomes, 2) to gain a better 
understanding of shared aetiology between traits, and 3) to test genotype-environment 
interplay.  
 
With the surge in power to estimate genetic effect sizes more accurately in GWA analysis, 
polygenic score predictors have become increasingly stronger in their trait predictions. 
Chapter 2 investigated the predictive power of a GPS based on the most powerful GWA 
meta-analysis of years of education at the time, including ~329,000 individuals, which was a 
follow-up analysis of a previous study including ~126,000 participants. The outcome traits 
included educational achievement measured at ages 7, 12 and 16, intelligence at age 12, and 
family SES. This study also tested the GxE hypothesis that the effect of the education GPS 
on educational achievement and intelligence depends on family SES.  
 
As an extension to the traits investigated in Chapter 2, Chapter 3 explored the predictive 
strength of a GPS based on a further updated GWA meta-analysis of years of education 
(~766,000 individuals due to exclusion of 23andme data) in relation to six personality 
domains that are associated with educational achievement. Prediction estimates using the 
education GPS were contrasted to two GPS for personality: neuroticism and wellbeing. 
Using structural equation modelling, this study also tested to what extent the three GPS 
accounted for the phenotypic covariance between the personality domains and educational 
achievement.  
 
It has been proposed that a single dimension, the psychopathology or p factor, can capture 
an individual’s liability to psychiatric disorders. Recent genetic research has found high 
genetic correlations between pairs of mental disorders. The aim in Chapter 4 was to 
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investigate shared genetic aetiology between psychiatric traits. The hypothesis of a genetic p 
factor was tested by applying principal component analysis to genetic correlation matrices 
of various psychiatric disorders, estimated through four genetic methods: polygenic scoring, 
LDSC, GCTA-REML, and family study.  
 
In Chapter 5, it was the aim to explore evocative rGE mechanisms in the home environment. 
It is widely believed that parents influence their child’s body-mass index (BMI) through 
certain feeding practices. Given that BMI has a strong genetic basis, an alternative 
hypothesis was tested: child BMI evokes parental feeding practices. A GPS for BMI was 
created in the offspring and used to predict measured parental restriction over food intake, 
and parental pressure to increase food intake. Between- and within-family analyses were 
employed to test associations. In addition, multivariate twin analysis was used to estimate 
the genetic correlations between child BMI and parental feeding practices.  
 
It has recently been shown that a substantial proportion of the SNP effect sizes estimated in 
a GWA meta-analysis of years of education is attributable to passive rGE (i.e. shared family 
environment). As GPSs are calculated using GWA SNP effect sizes that potentially include 
environmental effects, Chapter 6 turns to the estimation of passive rGE effects in polygenic 
score prediction in a sample of genotyped DZ twin pairs. A mixed-effects model was used to 
account for the clustering, including two fixed effects to estimate within- and between-
family simultaneously. Through this model, within- and between-family polygenic score 
predictions of eight core life outcomes (anthropometric, cognitive, personality and health) 
for eight corresponding polygenic scores were compared for both target- and cross-trait 
associations.  
 
Chapter 7 concludes with an overall discussion of the limitations, implications and future 
direction of polygenic score analysis.   
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Predicting educational achievement from DNA
S Selzam1, E Krapohl1, S von Stumm2, PF O’Reilly1, K Rimfeld1, Y Kovas1,2,3, PS Dale4, JJ Lee5 and R Plomin1
A genome-wide polygenic score (GPS), derived from a 2013 genome-wide association study (N= 127,000), explained 2% of
the variance in total years of education (EduYears). In a follow-up study (N= 329,000), a new EduYears GPS explains up to 4%.
Here, we tested the association between this latest EduYears GPS and educational achievement scores at ages 7, 12 and 16 in an
independent sample of 5825 UK individuals. We found that EduYears GPS explained greater amounts of variance in educational
achievement over time, up to 9% at age 16, accounting for 15% of the heritable variance. This is the strongest GPS prediction to
date for quantitative behavioral traits. Individuals in the highest and lowest GPS septiles differed by a whole school grade at age 16.
Furthermore, EduYears GPS was associated with general cognitive ability (~3.5%) and family socioeconomic status (~7%). There was
no evidence of an interaction between EduYears GPS and family socioeconomic status on educational achievement or on general
cognitive ability. These results are a harbinger of future widespread use of GPS to predict genetic risk and resilience in the social
and behavioral sciences.
Molecular Psychiatry (2017) 22, 267–272; doi:10.1038/mp.2016.107; published online 19 July 2016
INTRODUCTION
Identifying the genetic variants responsible for the ubiquitous
heritability of behavioral dimensions and disorders is transforming
genetic research in the social and behavioral sciences by making it
possible to predict genetic strengths and weaknesses of
individuals from DNA alone.1 Over the past decade, genome-
wide association (GWA) research across the life sciences has
revealed that there are almost no genetic variants with large
effects on complex traits and common disorders.2 This consistent
finding implies that the heritability of behavioral traits is due to
many genetic variants of small effect. GWA studies of behavioral
traits began to be successful as their sample sizes increased
sufficiently to detect associations of very small effect size between
single-nucleotide polymorphisms (SNPs) and outcome.3 Although
the largest effect sizes of the associations between SNPs and
behavioral traits are very small, it is possible to aggregate
the effects of thousands of SNP associations, ranked by effect
size, into a SNP genotypic score for a particular trait.4–6 Here, we
refer to this SNP genotypic score as a genome-wide polygenic
score (GPS).7 Although many different labels have been ascribed
to polygenic scores that usually include the word risk, we prefer
GPS. It highlights the genome-wide nature of these polygenic
scores and encompasses positive as well as negative effects
implied by the normal distribution of polygenic scores.4
The largest GWA analysis of a behaviorally relevant trait so far
was performed on years of education, which is a proxy for
educational achievement and to a lesser extent for learning
ability.8 Information about the years spent in education is available
in many GWA samples because it is a demographic descriptor. In
2013, a GWA analysis of EduYears based on 126,559 individuals
was published.9 The corresponding GPS accounted for 2–3%
of the variance in years of education in independent samples.9,10
The latest GWA on years of education published in 2016 included
329,000 individuals.8 A revised GPS based on this new GWA
almost doubled the effect size, with EduYears GPS explaining 3.9%
of the variance in years of education in an independent sample.8
EduYears GPS has also been associated with other phenotypes,
most notably, measured educational achievement. In a Dutch
study, the 2013 EduYears GPS accounted for around 2% of the
variance in educational achievement in a sample of about 1000
children tested at age 12.11 A UK-based longitudinal study of 4500
participants reported significant associations between the 2013
EduYears GPS and educational achievement at 7, 11 and 16;12
however, the authors did not report the phenotypic variance
explained by EduYears GPS. In a subsample of the present study
of ~ 3000 individuals, we previously found that the 2013 EduYears
GPS accounted for about 2% of the variance in educational
achievement at age 16.13
The present study evaluates the extent to which a GPS
constructed on the basis of the published summary statistics of
the 2016 GWA analysis of years of education in adulthood predicts
educational achievement assessed during the school years, which
we have shown to be about 60% heritable estimated by the twin
design.14,15 Using effect size estimates from the 2016 EduYears
GWA analysis, we calculated a GPS for each individual in a sample
of 5825 unrelated UK students for whom we had educational
achievement scores at ages 7, 12 and 16 based on UK-wide
assessments of the national curriculum.
As mentioned, the 2016 EduYears GPS is based on a GWA
sample almost three times as large as the 2013 GWA (329,000
versus 127,000), and as a result, the amount of variance that
EduYears GPS accounted for in the discovery sample doubled
(~4 versus 2%). Accordingly, here we tested the extent to which
the 2016 EduYears GPS accounts for more variance in educational
1King’s College London, MRC Social, Genetic and Developmental Psychiatry Centre, Institute of Psychiatry, Psychology & Neuroscience, London, UK; 2Department of Psychology,
Goldsmiths University of London, London, UK; 3Laboratory for Cognitive Investigations and Behavioural Genetics, Tomsk State University, Tomsk, Russia; 4Department of Speech
and Hearing Sciences, University of New Mexico, Albuquerque, NM, USA and 5Department of Psychology, University of Minnesota Twin Cities, Minneapolis, MN, USA.
Correspondence: Professor R Plomin, King’s College London, MRC Social, Genetic and Developmental Psychiatry Centre, Institute of Psychiatry, Psychology & Neuroscience, 16
DeCrespigny Park, London SE5 8AF, UK.
E-mail: robert.plomin@kcl.ac.uk
Received 1 April 2016; revised 10 May 2016; accepted 23 May 2016; published online 19 July 2016
34
achievement than the 2013 EduYears GPS. In addition, we
addressed two specific questions about the role of EduYears GPS
for educational achievement.
First, we tested the extent to which the 2016 EduYears GPS is
associated with general cognitive ability (g, aka intelligence) and
with family socioeconomic status (SES), both of which pheno-
typically correlate with educational achievement ~ 0.40–0.50.16
Using summary statistics derived from GWA analyses, a study
applying the LD score regression method17 identified very high
genetic correlations between years of education and childhood IQ
(rg= 0.73).18 In a subsample of ~ 3000 individuals from the current
study, the 2013 EduYears GPS accounted for ~ 2% of the variability
in g at age 16.19 We also reported that this GPS explained ~ 2.5%
of the variance in family SES, which refers to the SES of the
children’s parents.13 In the present study, we predicted that the
2016 EduYears GPS would yield stronger associations with g and
family SES than previously found for the 2013 EduYears GPS. In
addition, we tested whether the 2016 EduYears GPS is significantly
associated with educational achievement independent of g and
family SES.
Second, we tested the hypothesis that SES moderates genetic
influences on educational achievement and g, as predicted by
previous studies that observed decreased heritability estimates in
low compared with high SES families.20 This genotype–environ-
ment interaction hypothesis leads to the prediction that EduYears
GPS is more strongly associated with educational achievement
and g in high compared with low-SES families. In addition, we
tested whether this genotype–environment interaction increased
from childhood through adolescence as family SES should have a
progressively stronger effect on these aspects of children’s lives
if the genotype–environment interaction hypothesis is correct.
MATERIALS AND METHODS
Participants
This study included unrelated individuals from the multivariate long-
itudinal Twins Early Development Study that recruited almost 17,000 twin
pairs born in England and Wales between 1994 and 1996.21 The sample
is representative of British families in ethnicity, family SES and parental
occupation.21 The genotyped subsample is representative of UK census
data at first contact (Supplementary Table S1). The Institute of Psychiatry,
Psychology and Neuroscience ethics committee (05.Q0706/228) granted
project approval and parental consent was obtained prior to data
collection.
DNA for 3497 individuals was extracted from saliva samples and
hybridized to HumanOmniExpressExome-8v1.2 genotyping arrays at the
MRC SGDP Centre Molecular Genetics Laboratories. The raw image data
from the array were normalized, pre-processed, and filtered in GenomeS-
tudio according to Illumina Exome Chip SOP v1.4. (http://confluence.brc.
iop.kcl.ac.uk:8090/display/PUB/Production+Version%3A+Illumina+Exome
+Chip+SOP+v1.4). In addition, prior to genotype calling, 869 multi-
mapping SNPs and 353 samples with call rate o0.95 were removed.
The ZCALL program22 was used to augment the genotype calling for
samples and SNPs that passed the initial QC.
DNA from an additional 3665 samples genotyped earlier in the project
was extracted from buccal cheek swabs and genotyped at Affymetrix
(Santa Clara, CA, USA). Samples were successfully hybridized to Affymetrix-
GeneChip 6.0 SNP genotyping arrays (http://www.affymetrix.com/support/
technical/datasheets/genomewide_snp6_datasheet.pdf) using experimental
protocols recommended by the manufacturer (Affymetrix). The raw image
data from the arrays were normalized and pre-processed at the Wellcome
Trust Sanger Institute (Hinxton, UK) for genotyping as part of the Wellcome
Trust Case Control Consortium 2 (https://www.wtccc.org.uk/ccc2/) according
to the manufacturer’s guidelines (http://www.affymetrix.com/support/down-
loads/manuals/genomewidesnp6_manual.pdf). Genotypes for the Affymetrix
arrays were called using CHIAMO (https://mathgen.stats.ox.ac.uk/genetics_-
software/chiamo/chiamo.html).
After initial quality control and genotype calling, the same quality
control was performed on the samples genotyped on the Illumina and
Affymetrix arrays separately using PLINK,23 R24 and VCFtools.25 Samples
were removed from subsequent analyses on the basis of call rate (o0.99),
suspected non-European ancestry, heterozygosity, array signal intensity
(44 s.d. from the mean) and relatedness. SNPs were excluded if the
minor allele frequency was o0.05%, if more than 1% of genotype
data were missing or if the Hardy Weinberg P-value was lower than 10− 5.
Non-autosomal markers and indels were removed. Association between
the SNP and the array, batch or plate on which samples were genotyped
was calculated; SNPs with an effect P-value less than 10− 3 were excluded.
A total sample of 5825 samples, with 2698 individuals genotyped on
Illumina and 3127 individuals genotyped on Affymetrix, remained after
quality control.
Genotypes from the two arrays were separately imputed using the
Haplotype Reference Consortium26 and Minimac3 1.0.1327,28 available on
the Michigan Imputation Server (https://imputationserver.sph.umich.edu) as
reference data. A series of quality checks were performed before merging
data from the two arrays imputation (e.g. array effects, allele frequencies
by imputation quality). For the present analyses, we limited our analyses to
variants genotyped or imputed at info 40.95 on both arrays, and with
Hardy Weinberg Equilibrium test P-value410−5. After stringent pruning to
remove markers in high linkage disequilibrium (R240.1) and excluding
high linkage disequilibrium genomic regions so as to ensure that only
genome-wide effects were detected, we performed Principal Component
Analysis on a subset of 40, 745 autosomal SNPs that remained after
applying our quality control criteria, and that overlapped between the two
genotyping arrays. To control for population stratification, we regressed
the GPS on the first 10 principal components and used the residuals in all
subsequent analyses.
Measures
National Curriculum levels age 7 and 12. English and mathematics
National Curriculum levels were collected from teachers when the twins
were aged 7 (M=7.2, s.d. = 0.27) and 12 (M=11.4, s.d. = 0.66). National
Curriculum data and genotypes were available for 4047 children at age 7
and 2950 at age 12. The assessments are based on a rubric aligned with
the UK National Curriculum, which is the standardized core academic
curriculum formulated by the National Foundation for Educational
Research (NFER) and the Qualifications and Curriculum Authority (QCA)
(NFER: http://www.nfer.ac.uk/index.cfm; QCA: http://www.qca.org.uk). After
receiving parental consent, teachers were contacted directly via mail.
Teacher ratings assessed two main abilities: English (including ‘speaking
and listening’, ‘reading’ and ‘writing’) and mathematics (including ‘using
and applying mathematics’, ‘numbers’ and ‘shapes, space and measures’).
At age 7 and 12, teachers rated National Curriculum levels on a 5-point
and 9-point scale, respectively, with higher scores representing greater
ability. Mathematics and English abilities correlated 0.74 and 0.81 at age 7
and 12, respectively. Therefore, we created overall academic achievement
mean scores by calculating the standardized mean for the English and
mathematics scores for both ages.
General Certificate of Secondary Education measures age 16. The General
Certificate of Secondary Education (GCSE) is a standardized UK-based
examination taken at the end of compulsory education at age 16. In
addition to the compulsory core subjects of English, mathematics and
science, students can choose from a variety of subjects such as physical
education, music, geography, modern foreign languages, and information
and communication technology.
GCSE results were obtained by questionnaires sent via mail and by
telephone interviews of parents and twins themselves. The grades were
coded to range from 4 (G; the minimum pass grade) to 11 (A*; the best
possible grade). The GCSE score used in this study represents the mean of
the compulsory core subjects mathematics and English (if both English
language and English literature were taken, a mean grade for English was
derived). The two subjects correlated 0.70. We included only mathematics
and English grades in the composite score to improve comparability
between the educational achievement measures at the different ages. Self-
reported GCSE grades of Twins Early Development Study participants show
high accuracy, correlating 0.98 English and 0.99 for mathematics grades
with data obtained for a subsample from the National Pupil database (NPD:
https://www.gov.uk/government/collections/national-pupil-database).14
Data for subject grades and genotypes were available for 4301 twins
(mean age= 16.62, s.d. = 0.32).
General cognitive ability (g). To measure general cognitive ability, the
twins were assessed on various tests including verbal and non-verbal
abilities at age 7, 12 and 16. A mean score composite was derived from
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four tests (’Conceptual Grouping’,29 ‘Similarities’,30 ‘Vocabulary’,30 ‘Picture
Completion’30) at age 7; three tests (‘Raven’s Progressive Matrices’,31
‘General Knowledge’32 ‘Picture Completion’30) at age 12; and two tests
(’Raven’s Progressive Matrices’ and ’Mill Hill Vocabulary test’) at age 16.
Behavioral and genotypic data were available for 3559 individuals at age 7
(M=7.17, s.d. = 0.29); 3349 individuals at age 12 (M= 11.46, s.d. = 0.64) and
1743 individuals at age 16 (M=16.52, s.d. = 0.30). General cognitive ability
measures at the different ages correlated on average 0.48. For simplicity
we created a general cognitive ability mean composite based on data
available at ages 7, 12 and 16. Only participants with data from at least two
ages were included (N=2228), and mean imputation was performed on
those with a missing third measure. We also report results related to
general cognitive ability measured at each age individually in
Supplementary Table S6.
Family SES. A composite of several factors such as parental education and
occupation is considered to reflect SES better than any single factor.33 Data
from 4958 genotyped individuals were available for family SES. This
measure represents maternal age at birth of eldest child, the mean score of
maternal and paternal highest education level, as well as the respondent’s
(mother or father) occupation, administered by the Standard Occupational
Classification 2000 (Office for National Statistics, 2000) at child age 2, which
was the first age of contact.
Small but significant mean differences between girls and boys were
found for educational achievement at all ages (Supplementary Table S2).
Small age effects were found for educational achievement within each of
the three ages (Supplementary Table S2). Therefore, all measures with the
exception of SES and EduYears GPS were recalculated as standardized
residuals corrected for gender and age. To account for a slight negative
skew in educational achievement tests at age 7 and 16 and a slight positive
skew at age 12, measures were quantile normalized.34
Statistical analyses
Genome-wide polygenic scores. We computed GPS for 5825 unrelated
individuals using β-weights and P-values from summary statistics obtained
by GWA analysis. Summary statistics were derived from the 2016 GWA
study on years of education8 with a sample size of 328,918 individuals. It
should be noted that the summary statistics we used are slightly different
to those of the 2016 EduYears study:8 here 23andMe data are excluded due
to legal restrictions, and an initial release of the UK Biobank data are
included (see Supplementary Table S3 for cohort details). GPS based on
these modified summary statistics correlated highly (r= 0.86) with the
published GPS8 when both GPS were constructed using the Health and
Retirement Study as target sample. Quality-controlled SNPs were clumped
for linkage disequilibrium in PRSice,35 using R2= 0.1 cutoff within a 250-kb
window. In toal, 108,737 SNPs remained after linkage disequilibrium
clumping. We used PRSice35 to calculate polygenic scores. Firstly, PRSice
calculated GPS for each individual in our sample by summing the trait-
associated SNPs that are weighted by their effect size derived from GWA
analysis. PRSice then performed a regression analysis to test for association
between GPS and each of our outcomes (educational achievement at 7, 12,
16, SES and g). This is repeated for GPS calculated at a large number of
P-value thresholds, ranging from 0.001 to 1 (increments of 0.001) in the
GWA results, under the high-resolution scoring option in PRSice. Through
this high-resolution scoring we identified the ‘best-fit’ GPS for all measures
(Supplementary Table S4), which were used throughout our analyses for
each respective trait. The ‘best-fit’ GPS is identified as that which gives the
smallest P-value for association with outcome among all the regression
tests performed on the GPS (see Supplementary Figures S4). Given the
multiple testing involved in high-resolution scoring we use an association
significance threshold of P= 0.001, as recommended in Euesden et al.35
For our GPS analyses, we have more than 80% power to explain 0.2% of
the phenotypic variance (see Supplementary Methods S1 for details). To
test interactions between different levels of EduYears GPS and family SES,
we have more than 80% power to detect a small interaction effect of
η2= 0.02 (given α= 0.05; N=600; number of groups = 4).
We performed regression analyses with EduYears GPS as a predictor of
educational achievement at ages 7, 12 and 16, as well as of g and family
SES. To test for potential differences between correlations between
EduYears GPS and educational achievement at the different ages, we
performed Fisher’s r-to-z transformations. We also used multiple regression
to test whether associations between EduYears GPS and educational
achievement remain after controlling for family SES and g. We also tested
for mean differences in educational achievement between the extreme
septiles of EduYears GPS at each age using analyses of variance. Finally,
interaction effects between EduYears GPS and SES on educational
achievement and on g were analyzed using multiple regression models
that included each main effect and the interaction effect term.
RESULTS
Polygenic score analyses
As illustrated in Figure 1, EduYears GPS accounted for a significant
proportion of variance in educational achievement at all ages,
increasing from age 7 (R2= 0.028, Po0.001) to age 12 (R2= 0.046,
Po0.001) to age 16 (R2= 0.091, Po0.001). Betas indicated that an
increase of one standard deviation in EduYears GPS resulted in a
z-standardized mean educational achievement score increase of
0.17, 0.21 and 0.30 at age 7, 12 and 16, respectively. The increase
in association between EduYears GPS and educational achieve-
ment between age 7 and age 16 was significant, as was the
association between age 12 and age 16, but not between age 7
and 12 (Supplementary Table S5).
EduYears GPS was also associated with g (R2= 0.036, Po0.001)
and family SES (R2= 0.073, Po0.001) (Figure 1). Additionally,
EduYears GPS significantly predicted g at ages 7, 12 and 16
(Supplementary Table S6); these associations were not statistically
different. Because educational achievement, g, and family SES are
intercorrelated phenotypically (Supplementary Table S6), we
tested the effect of EduYears GPS on educational achievement
independent of g and SES by including g and SES into a regression
model before entering EduYears GPS. After adjusting the P-value
threshold for multiple testing (see the Materials and methods
section), EduYears GPS remained a significant predictor of
educational achievement at age 16 after accounting for g and
SES, although the effect size was reduced to 1.2% of the variance
explained (Supplementary Table S7).
Extreme group differences
Figure 2 shows the z-standardized mean educational achievement
scores by EduYears GPS septiles. At all ages, individuals scoring in
the highest EduYears GPS septile performed on average
Figure 1. Variance explained (R2) and standard error of EduYears GPS
predicting: EA 7= educational achievement age 7; EA 12= educa-
tional achievement age 12; EA 16= educational achievement age 16;
g=general cognitive ability; SES= family socioeconomic status; in
this analysis and all subsequent analyses, the unique ‘best-fit’ GPS
was used for each respective trait; see the Materials and methods
section for details. GPS, genome-wide polygenic score.
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significantly and substantially better at school than those scoring
in the lowest GPS septile (Supplementary Table S8). By age 16,
there was almost a standard deviation difference in educational
achievement between the lowest and highest GPS groups, which
represents a whole school grade difference. Similar results were
obtained for EduYears GPS extreme quintiles rather than septiles
(Supplementary Table S9 and Supplementary Figure S1).
Using Monte Carlo integration,36 we calculated a substantial
non-overlap of 38% between educational achievement distri-
butions at age 16 for the lowest and highest GPS septiles
(Supplementary Figure S2).
Genotype–environment interaction effects
The genetic influence of EduYears GPS on educational achieve-
ment at age 16 and on g was not greater in high SES than in low-
SES families, as would be predicted by the genotype–environment
interaction hypothesis described earlier. As illustrated in Figure 3a,
at age 16 the difference between low and high GPS groups
was similar for low-SES and high-SES groups, despite the higher
mean educational achievement of the high-SES group. We
also did not find G× E interaction for general cognitive ability
(Figure 3b), and educational achievement at ages 7 and 12
(Supplementary Figure S3). Hierarchical multiple regression
analyses that tested for G× E interaction using continuous
data yielded no significant interactions between EduYears
GPS and SES as they relate to educational achievement at ages
7, 12 and 16 (Supplementary Table S10) or as they relate to g
(Supplementary Table S11).
DISCUSSION
Our results show that DNA can be used to predict educational
achievement, especially at the end of the compulsory school
years. Although the 2016 EduYears GPS accounted for ~ 4% of
the variance in the GWA target trait of years of education in
independent samples, we found that the 2016 EduYears GPS
accounted for 9% of the variance in educational achievement at
age 16, tripling the effect size from previous reports13 based on
the 2013 EduYears GPS.9 The predictive power of EduYears GPS can
be seen especially at the extremes of the distribution of GPS
scores, suggesting that it is possible to identify individuals early in
life at genetic risk and resilience, moving us closer to the
possibility of early intervention and personalized learning.37
We have previously reported a heritability estimate of 60% for
educational achievement at age 16 using a sample from which the
Figure 2. Standardized means and standard errors for educational achievement at age 7, 12 and 16 by genome-wide polygenic score (GPS)
septile. EduYears GPS was rescored as septiles (1= lowest, 7=highest).
Figure 3. (a) Standardized educational achievement mean scores at age 16 by EduYears GPS and family SES for individuals scoring in the
highest and lowest 20% of the distribution of EduYears GPS. There was no evidence for an interaction effect (F(1,605)= 1.29, P= 0.18); (b)
general cognitive ability mean scores by EduYears GPS and family SES for individuals scoring in the highest and lowest 20% of the distribution
of EduYears GPS. No interaction effect was found (F(1,327)= 1.06, P= 0.30). GPS, genome-wide polygenic score; SES, socioeconomic status.
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present sample was drawn.14 The present study demonstrated
that EduYears GPS predicts 9% of the total variance in educational
achievement, thus accounting for only 15% of the heritability
estimated by the twin design. However, unlike twin study
estimates of heritability, GPS is derived from GWA studies, which
are limited to additive effects of the common variants employed
on SNP arrays. For this reason, SNP-based estimates of heritability,
which have these same limitations, represent the current upper
limit for GPS prediction. For educational achievement, SNP-based
estimates of heritability are about 30%,13 and EduYears GPS
explains almost one-third of the heritable variance from SNP-
based studies at age 16.
We believe that the substantial increase in heritability explained
by the 2016 EduYears GPS represents a turning point in the social
and behavioral sciences because it makes it possible to predict
educational achievement for individuals directly from their DNA.
Although other variables account for more of the variance of
educational achievement, DNA has a unique predictive status in
that inherited DNA sequence variation does not change from the
single cell with which life begins. For this reason, unlike the case
with many other predictors, the correlation between EduYears GPS
and educational attainment cannot feasibly be interpreted in
terms of reverse causation. That is, the correlation between
EduYears GPS and educational achievement cannot be caused by
the effect of educational achievement on inherited DNA sequence
variation. In contrast, although g predicts much more of the
variance of educational achievement at age 16 (29% in our study),
this correlation could be confounded by factors related to both
educational achievement and g, such as social and family risk
factors. Similarly, educational achievement at age 7 predicts 35%
of the variance of educational achievement at age 16 but this
correlation could also be due to other factors, including
genetics,14 that affect educational achievement at both ages.
Moreover, educational achievement and g cannot be assessed at
earlier stages of development. Family SES, which also predicts
substantial variance of educational achievement at age 16 (21% in
our study), can be assessed early but this correlation is also likely
to be partly caused by other factors, including genetics,13 that
affect both family SES and educational achievement. Although
family SES can be assessed early, it can change over time, whereas
DNA variations within individuals are stable across the lifespan.
Moreover, family SES is a family-wide index not specific to
individual children in a family.
EduYears GPS predicts educational achievement independently
of g and family SES only at age 16, which may be due to the
associations between g, educational achievement, family SES and
EduYears GPS. It is possible that family SES and g are earlier in the
chain of the causal pathway from genetic variants to educational
achievement, which may explain the attenuated relationship
between EduYears GPS and educational achievement at age 7 and
12 after controlling for these variables. Our findings suggest
pleiotropic effects of EduYears GPS on educational achievement, g,
and family SES, which are in line with previous reports that
describe the genetic overlap between educational achievement, g,
and family SES.12,13,38 However, the threefold increase in predic-
tion of educational achievement at age 16 from the 2016 EduYears
GPS as compared with the 2013 EduYears GPS (~3% vs 9%) was
not mirrored in the prediction of g (~2% vs ~ 3.5%). The finding
that EduYears GPS accounts for more variance in educational
achievement than in g is likely due to the fact that educational
achievement is influenced by g as well as many other factors that
are under genetic influence.14
Variance explained by the 2016 EduYears GPS in family SES also
increased almost threefold compared with previous results with
the 2013 EduYears GPS in the a subsample of the current study
(~2.5% vs ~ 7%).13 Explaining ~ 7% in family SES by EduYears GPS
is impressive for two reasons. First, the children’s genotypes are
only an approximation of their parents’ genotypes; the effect of
EduYears GPS on SES should be even stronger for the parents’ own
GPS. Second, our findings account for a third of the SNP-based
heritability estimate for family SES (~20%),39 which, as noted
earlier, represents the upper limit for GWA and GPS studies. With
that, our results demonstrate that family SES is genetically
influenced and that its genetic effects are also partly shared with
educational achievement.
When interpreting the current results, three caveats should be
considered. First, the finding that the predictive validity of
EduYears GPS increases across the school years may be due to
increasing approximation of our measures to the EduYears GWA
target trait of years of education. That is, our measure of
educational achievement at age 16 is a standardized examination
taken at the end of compulsory education that strongly influences
whether pupils go on to higher education. Alternatively, it is also
possible that GCSE results are more reliable measures than
national curriculum teacher ratings, which might contribute to the
difference in variance explained in these variables by EduYears
GPS. Second, as we measured family SES in a traditional way by
including parental education, this could have increased the
association of the SES composite with EduYears GPS. Although
parental education and occupation are related, future studies
should investigate if the relationship between EduYears GPS
and SES varies as a function of different SES indicators. Third, our
finding that EduYears accounts for 9% of the variance of
educational achievement at age 16 needs to be tested for
generalization in other samples and beyond the UK.
The finding that individuals’ polygenic scores for years of
education predict educational achievement entails no necessary
policy implications. However, our findings corroborate that
individual differences in educational achievement are partly due
to DNA differences between children and are not solely created
by environmental forces. By creating a dialogue between
scientists and policymakers, the introduction of polygenic scores
may soon become a useful tool for early prediction and
prevention of educational problems and for personalized learning.
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Polygenic Score for Educational Attainment Captures DNA Variants
Shared Between Personality Traits and Educational Achievement
Emily Smith-Woolley, Saskia Selzam, and Robert Plomin
King’s College London
Genome-wide polygenic scores (GPS) can be used to predict individual genetic risk and resilience. For
example, a GPS for years of education (EduYears) explains substantial variance in cognitive traits such
as general cognitive ability and educational achievement. Personality traits are also known to contribute
to individual differences in educational achievement. However, the association between EduYears GPS
and personality traits remains largely unexplored. Here, we test the relation between GPS for EduYears,
neuroticism, and well-being, and 6 personality and motivation domains: Academic Motivation, Extra-
version, Openness, Conscientiousness, Neuroticism, and Agreeableness. The sample was drawn from a
U.K.-representative sample of up to 8,322 individuals assessed at age 16. We find that EduYears GPS
was positively associated with Openness, Conscientiousness, Agreeableness, and Academic Motivation,
predicting between 0.6% and 3% of the variance. In addition, we find that EduYears GPS explains
between 8% and 16% of the association between personality domains and educational achievement at the
end of compulsory education. In contrast, both the neuroticism and well-being GPS significantly
accounted for between 0.3% and 0.7% of the variance in a subset of personality domains. Furthermore,
they did not significantly account for any of the covariance between the personality domains and
achievement, with the exception of the neuroticism GPS explaining 5% of the covariance between
Neuroticism and achievement. These results demonstrate that the genetic effects of educational attain-
ment relate to personality traits, highlighting the multifaceted nature of EduYears GPS.
Keywords: academic achievement, motivation, personality, polygenic score
Supplemental materials: http://dx.doi.org/10.1037/pspp0000241.supp
Education is one of society’s most expensive intervention pro-
grams. Among the member countries of the Organisation for
Economic Cooperation and Development (OECD), education ac-
counts for between 6 and 15% of annual gross domestic product
(OECD, 2017) and the average young person in these countries
will stay in education until the age of 22 (OECD, 2007). Given its
societal value, great importance is placed on succeeding in edu-
cation, both in terms of educational attainment (education level)
and education achievement (education grade).
For a century, psychologists have attempted to unravel the major
predictors of individual differences in educational success. Early
work showed that cognitive capacity played a substantial role in
education performance (Binet & Simon, 1916), a term that now
many refer to as general cognitive ability or g. However, it did not
Emily Smith-Woolley, Saskia Selzam, and Robert Plomin, MRC Social,
Genetic, and Developmental Psychiatry Centre, Institute of Psychiatry,
Psychology, and Neuroscience, King’s College London.
Emily Smith-Woolley is now at the Centre for Education Improvement
Science, UCL Institute of Education, University College London, UK.
Emily Smith-Woolley and Saskia Selzam are joint first authors.
Author Contributions. Study concept and design: Emily Smith-Woolley,
Saskia Selzam, Robert Plomin. Processed and quality controlled genotype
data: Saskia Selzam. Analysis of data: Emily Smith-Woolley, Saskia Selzam.
Interpretation of data: Emily Smith-Woolley, Saskia Selzam, Robert Plomin.
Wrote the paper: Emily Smith-Woolley, Saskia Selzam, Robert Plomin.
We gratefully acknowledge the ongoing contribution of the partici-
pants in the Twins Early Development Study (TEDS) and their families.
TEDS is supported by a program grant to RP from the UK Medical
Research Council (MR/M021475/1 and previously G0901245), with
additional support from the US National Institutes of Health
(AG046938). The research leading to these results has also received
funding from the European Research Council under the European
Union’s Seventh Framework Programme (FP7/2007–2013)/ grant
agreement n° 602768 and ERC grant agreement n° 295366. RP is
supported by a Medical Research Council Professorship award (G19/2).
SS is supported by the MRC/IoPPN Excellence Award and by the U.S.
National Institutes of Health (AG046938). High performance comput-
ing facilities were funded with capital equipment grants from the GSTT
Charity (TR130505) and Maudsley Charity (980).
This article has been published under the terms of the Creative Com-
mons Attribution License (http://creativecommons.org/licenses/by/3.0/),
which permits unrestricted use, distribution, and reproduction in any me-
dium, provided the original author and source are credited. Copyright for
this article is retained by the author(s). Author(s) grant(s) the American
Psychological Association the exclusive right to publish the article and
identify itself as the original publisher.
Correspondence concerning this article should be addressed to Emily
Smith-Woolley, MRC Social, Genetic, and Developmental Psychiatry
Centre, Institute of Psychiatry, Psychology, and Neuroscience, King’s
College London, Memory Lane, Camberwell, London SE5 8AF, United
Kingdom. E-mail: emily.smith-woolley@kcl.ac.uk
Journal of Personality and Social Psychology:
Personality Processes and Individual Differences




tell the whole story. Around the same time, Webb (1915) proposed
that in addition to g, academic performance was also influenced by
a w or will factor, representing drive or motivation (Webb, 1915).
This led the way for psychological explanations of educational
success. Most now accept a more complex model of academic
performance that comprises both what a person can do (general
cognitive ability) and how a person will do it (personality, moti-
vation and other psychosocial influences).
One important factor, influencing both the can and the how, is
genetics. Inherited DNA differences play an important role in
explaining individual differences in personality traits, general cog-
nitive ability and educational outcomes. Decades of research using
twin studies have shown substantial heritability for personality
traits, general cognitive ability and educational outcomes (Polder-
man et al., 2015). To estimate genetic and environmental influ-
ences using twin studies, the relative similarities between identical
(monozygotic [MZ]) twins, who share 100% of their inherited
DNA, are compared with the relative similarities between fraternal
(dizygotic [DZ]) twins, who share on average 50% of their inher-
ited DNA differences (Knopik, Neiderhiser, DeFries, & Plomin,
2017). Because both sets of twins grow up in equally similar
environments (Derks, Dolan, & Boomsma, 2006; Kendler, Neale,
Kessler, Heath, & Eaves, 1993), the influence of genetics and the
environment on traits can be unpacked: if MZ twins correlate
higher for a trait than DZ twins, then genetic influence is inferred.
However, twin studies can only tell us about the relative genetic
influence on differences in traits within a population, rather than
the influence of measured DNA differences on traits. In the current
study, we use a more recent, genetically sensitive method—
genome-wide polygenic scoring—to predict a broad range of per-
sonality and motivation traits directly from DNA. Furthermore, we
estimate the role of measured DNA in the association between
these personality traits and academic achievement at age 16.
General Cognitive Ability and
Educational Performance
Educational achievement represents a cumulative process of
acquiring many skills, gradually over time. Although it is influ-
enced by a multitude of different factors, one of the most powerful
and parsimonious predictors of educational achievement is general
cognitive ability. General cognitive ability captures the commu-
nalities within a diverse set of cognitive measures, such as mem-
ory, verbal-reasoning, and nonverbal reasoning (Plomin & Deary,
2015). It is highly correlated with academic achievement at age 9
(r  .45; Spinath, Spinath, Harlaar, & Plomin, 2006), school
performance at the end of compulsory education at age 16 (r 
.81; Deary, Strand, Smith, & Fernandes, 2007), and also later with
university achievement (r  .48; Frey & Detterman, 2004).
In addition to educational achievement, general cognitive ability
is also strongly associated with years spent in full-time education
(Deary & Johnson, 2010; Jencks, 1979; Ritchie & Tucker-Drob,
2018). However, although general cognitive ability explains more
than half of the variance in academic outcomes (Deary et al.,
2007), it still leaves a substantial portion of the variance unex-
plained. Therefore, it is important to consider other explanatory
factors influencing educational performance.
Personality and Educational Performance
The most widely researched personality correlates of educa-
tional performance are dimensions of the Five-Factor Model
(FFM; McCrae & Costa, 1987). The FFM comprises Conscien-
tiousness (dependability and drive to achieve), Extraversion (so-
ciability and activity), Openness to Experience (curiosity and
broadmindedness), Agreeableness (compassion and kindness), and
Neuroticism (stress and anxiety). These broad domains have been
linked both positively (conscientiousness, openness and agreeable-
ness) and negatively (neuroticism and extraversion) to academic
performance (Busato, Prins, Elshout, & Hamaker, 2000;
Chamorro-Premuzic & Furnham, 2003; Conard, 2006; De Raad &
Schouwenburg, 1996; O’Connor & Paunonen, 2007; Petrides,
Chamorro-Premuzic, Frederickson, & Furnham, 2005; Poropat,
2009; Richardson, Abraham, & Bond, 2012). In addition, their
underlying, specific facets (most notably dutifulness, achievement-
striving and anxiety) have also been associated with differences in
academic performance (Chamorro-Premuzic & Furnham, 2003).
Many studies have explored the reasons for observed associa-
tions between FFM dimensions and academic performance—both
in terms of attainment and achievement. Conscientiousness is
comparable with the w factor described by Webb (1915) and has
been linked to academic effort (Trautwein, Lüdtke, Roberts,
Schnyder, & Niggli, 2009) through time spent on homework
(Trautwein & Lüdtke, 2007) and time use efficiency (Kelly &
Johnson, 2005). It has been shown to predict academic perfor-
mance at high-school (Heaven & Ciarrochi, 2008; Laidra, Pull-
mann, & Allik, 2007), undergraduate (Chamorro-Premuzic &
Furnham, 2003; Conard, 2006; Wagerman & Funder, 2007) and
even at postgraduate level (Hirschberg & Itkin, 1978). Agreeable-
ness and Openness have also been linked to academic perfor-
mance: Agreeableness through following teacher instructions and
learning style (Busato, Prins, Elshout, & Hamaker, 1999), and
Openness through critical thinking (Bidjerano & Dai, 2007)
and intelligence (Holland, Dollinger, Holland, & Macdonald,
1995; McCrae & Costa, 1997). Like Conscientiousness, Openness
is also related to success in school and at university, showing
positive correlations with undergraduate and postgraduate exami-
nation scores (Geramian, Mashayekhi, & Ninggal, 2012; Laidra et
al., 2007). In contrast, Neuroticism and Extraversion have been
negatively linked to academic achievement; Extraversion through
distractibility, sociability, and problems regulating effort devoted
to academic tasks (Bidjerano & Dai, 2007), and Neuroticism
through stress linked with exams and poor impulse control
(Zeidner & Matthews, 2000).
Because there are intercorrelations between personality traits,
general cognitive ability, and academic achievement, an important
question to consider is how these personality traits link to achieve-
ment beyond cognitive ability. Conscientiousness has consistently
been linked to academic achievement over and above general
cognitive ability. For example, it was demonstrated (Poropat,
2009) that Conscientiousness was largely independent of intelli-
gence and that when academic achievement at high school was
accounted for, Conscientiousness continued to predict achieve-
ment at university. This is in line with another study also showing
that once prior achievement on SATs was accounted for, Consci-
entiousness incrementally predicted later achievement (Conard,
2006). However, there have been few studies looking at person-
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ality and general cognitive ability concurrently at secondary school
level.
Motivation and Educational Performance
In addition to personality dimensions, other explanations of
academic performance have been put forward. In a systematic
review of psychological traits, Richardson and colleagues (Rich-
ardson et al., 2012) suggest five nonintellective domains influenc-
ing educational success: (a) personality traits, (b) motivational
factors, (c) self-regulatory strategies, (d) student’s approaches to
learning, and (e) psychosocial influences. Although the authors
note that these domains are conceptually overlapping, they argue
that it is important to consider a wide variety of nonintellective
factors when predicting academic performance.
One of these factors, which has consistently been linked to
academic performance, is motivation. Although aspects of moti-
vation correlate moderately with the FFM dimensions, for example
Extraversion (positively) and Neuroticism (negatively; Komarraju
& Karau, 2005), many argue that elements of motivation, such as
self-efficacy beliefs, may influence achievement over and above
these dimensions (Caprara, Vecchione, Alessandri, Gerbino, &
Barbaranelli, 2011).
Self-efficacy beliefs are an individual’s beliefs about their ca-
pabilities to produce effects (Bandura, 1997). Self-efficacy and
related traits, such as self-perceived ability, engagement, and ac-
ademic self-concept are important constructs which help to explain
students’ learning and progress (Multon, Brown, & Lent, 1991;
Schunk, 1989). In one study specifically looking at math self-
efficacy and self-concept (Parker, Marsh, Ciarrochi, Marshall, &
Abduljabbar, 2014), moderate correlations with achievement in
math and science were found (r  .17–.58), and math self-efficacy
was also a significant predictor of university entry. Similarly to
personality dimensions, self-efficacy beliefs have also been shown
to predict academic achievement over and above general cognitive
ability; self-perceptions of ability explained an extra 8% of the
variance in math achievement and 9% in English achievement at
age nine after accounting for general cognitive ability (Spinath et
al., 2006).
Heritability of Personality Traits
The heritability of personality traits has been well established.
Estimates of the genetic influence on variance in the Big Five
personality traits range from 40–60% (Bouchard, Jr. & McGue,
2003; Jang, Livesley, & Vemon, 1996; Polderman et al., 2015). In
line with twin study heritability estimates of personality traits, one
twin study using the same sample as in the present study found
that, at age 16, heritability ranged from 35% for well-being to 40%
for self-efficacy and up to 46% for aspects of personality (Krapohl
et al., 2014). Furthermore, in the same study, they found that
inherited DNA differences explained a large portion of the ob-
served correlation between personality and general cognitive abil-
ity and academic achievement. Consistent with this, a study using
twins from the United States also found that genetically influenced
variation accounted for the associations between personality traits
and both academic achievement and verbal knowledge (Tucker-
Drob, Briley, Engelhardt, Mann, & Harden, 2016). In addition,
they found that part of these genetically mediated associations
were shared with general cognitive ability. This suggests that some
of the genetic factors driving variation in personality and general
cognitive ability are also explaining variance in achievement. This
concept is known as pleiotropy—the finding that single genetic
variants affect multiple traits (Solovieff, Cotsapas, Lee, Purcell, &
Smoller, 2013).
Although twin studies are not able to point to specific genetic
variants that are responsible for covariation between traits, the extent
to which the phenotypic correlation between traits can be explained
by genetics (the genetic correlation) is an index of pleiotropy. Why
might genetic variants associated with personality and general cogni-
tive ability also be related to achievement? Doing well in exams
requires more than just intelligence; it requires motivation, concen-
tration, diligence, good mental health, as well as many other factors.
Furthermore, these heritable traits might also lead individuals to
choose certain environments for themselves, for example, individuals
high on Conscientiousness may choose to attend optional revision
classes and complete homework on time. These decisions may in turn
lead to better educational outcomes, such as higher grades. This
illustrates a concept known as gene-environment correlation (rGE;
Knopik et al., 2017; Plomin, DeFries, & Loehlin, 1977). rGE is the
idea that an individual’s genetically influenced behavior may elicit
specific reactions from others (evocative rGE), or lead individuals to
choose experiences and environments that correlate with their geno-
type (active rGE). A third type of rGE is passive rGE, whereby
children are exposed to family environments that are partly created
by, and therefore correlated with, their parents’ genetic propensities. If
passive rGE is at play, these inherited environments reinforce chil-
dren’s own genetic propensities, driving development, or codevelop-
ment of traits. Indeed, recent studies have shown that passive rGE is
a likely mechanism in the development of educational achievement
(Kong et al., 2018; Lee et al., 2018). Presented in this context, finding
that much of the correlation between personality and educational
achievement is explained by genetic factors, may therefore be partly
reflecting a developmental pattern induced by rGE.
Using DNA to Predict Personality Traits
In addition to family studies, such as twin designs, DNA-based
methods have also shed light on genetic influence on personality
traits. Genome-wide association (GWA) studies test associations be-
tween millions of known DNA variants, called single nucleotide
polymorphisms (SNPs), and phenotypic traits in large samples com-
prising thousands of individuals. GWA studies have shown that effect
sizes between individual SNPs and complex traits are usually very
small, with single SNPs generally explaining less than 0.1% of the
variance each (Gratten, Wray, Keller, & Visscher, 2014). However,
because it is assumed that most of these genetic effects are additive,
more phenotypic variance can be explained when considering these
SNPs jointly (Purcell et al., 2009). By summing up the number of
trait-increasing alleles, which are weighted by the GWA SNP effect
sizes across thousands of SNPs, it is possible to generate a genetic
score for each individual in an independent sample. These genetic
scores, referred to as genome-wide polygenic scores (GPS), allow
DNA-based prediction for any complex trait.
One of the largest published GWA studies for a behavioral trait
is years of education (EduYears; Lee et al., 2018; Okbay, Basel-
mans, et al., 2016; Rietveld et al., 2013). This study, which had a
sample size of 1.1 million adults, tested associations between
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SNPs and total years in education. It is possible to use the results
from this study, indicating which SNPs are associated with years
of education and how large the association is, to create GPS in an
independent, genotyped sample. EduYears GPS has been shown to
explain 11–13% of the variance in the target trait years of educa-
tion (Lee et al., 2018), 7–10% in cognitive performance (Lee et al.,
2018), up to 5% in reading ability (Selzam, Dale, et al., 2017), and
up to 15% in educational achievement at 16 (Allegrini et al., 2018).
Although cognitive GPS such as EduYears and intelligence
appear to be explaining variance in their target traits, and related
traits such as achievement (Plomin & von Stumm, 2018), person-
ality GPS have been less predictive. For example, a GPS for
well-being explains 0.9% of the variance in well-being and 0.7%
in neuroticism (Okbay, Baselmans, et al., 2016). In the current
study, we sought to investigate whether EduYears GPS could
predict variance in a range of personality and motivation domains,
how this prediction compared with personality polygenic score
prediction, and whether personality polygenic scores relate to
educational achievement.
Why might a genome-wide polygenic score for education link to
personality? Similarly to achievement, educational attainment
(years in education) is influenced by a multitude of heritable traits
in both the cognitive ability and personality domains (Fredricks,
Blumenfeld, & Paris, 2004). So far, only one study (Mõttus, Realo,
Vainik, Allik, & Esko, 2017) has related EduYears GPS to per-
sonality traits. This study investigated the link between EduYears
GPS and the Big Five personality traits in an Estonian sample of
3,000 adults of a wide age range. EduYears GPS predicted 0.5%
of the variance in Neuroticism and 1.2% in Openness to experi-
ence, suggesting that the polygenic score for educational attain-
ment tags genetic variants that also relate to personality domains.
However so far, no study has investigated links to other personality
traits aspects, such as the underlying, more specific facets of
personality (e.g., well-being or anxiety), as well as motivation
traits such as self-efficacy beliefs.
The Present Study
Given the genetic links between personality traits and educa-
tional achievement, the current study sought to explore these
associations further by testing the extent to which EduYears GPS
correlated with personality and motivation domains, as well as
their subtraits. In addition, using a neuroticism GPS and well-
being GPS, we contrasted the association between these personal-
ity GPS and educational achievement to EduYears GPS. We also
tested whether associations remained after accounting for general
cognitive ability. Finally, given previous quantitative genetics
findings, we tested the extent to which the EduYears, neuroticism
and well-being GPS explain the covariance between a range of
personality traits and educational achievement at age 16.
Method
Ethics
Ethical approval for this study was received from King’s Col-
lege London Ethics Committee, Reference Number: PNM/09/10–
104.
Sample
The sampling frame for the present study was the Twins
Early Development Study (TEDS; Haworth, Davis, & Plomin,
2013). TEDS includes 16,000 twin pairs born between 1994 and
1996 and followed from birth to the present day. Although there
has been some attrition, approximately 10,000 twin pairs are
still enrolled in the study, providing behavioral, cognitive, and
psychological data. The TEDS sample is representative of fam-
ilies with children in England and Wales (Haworth et al., 2013).
The current study uses a genotyped subsample of TEDS which
comprises 10,346 Caucasian individuals, including 7,026 unre-
lated individuals (i.e., one member of a twin pair) and 3,320 DZ
cotwins. Written informed consent was obtained from parents
before data collection.
Genotyping
Two genotyping platforms were used to genotype TEDS indi-
viduals because these genotyping efforts were separated by 5
years. AffymetrixGeneChip 6.0 SNP arrays were used to genotype
3,747 individuals at Affymetrix, Santa Clara (CA) based on buccal
cell DNA samples. Genotypes were generated at the Wellcome Trust
Sanger Institute (Hinxton, U.K.) as part of the Wellcome Trust Case
Control Consortium 2 (https://www.wtccc.org.uk/ccc2/). Addition-
ally, 8,122 individuals, including 3,607 dizygotic twin pairs,
were genotyped on HumanOmniExpressExome-8v1.2 arrays at
the Molecular Genetics Laboratories of the Medical Research
Council Social, Genetic and Developmental Psychiatry Centre,
based on DNA that was extracted from saliva samples. A total
sample of 10,346 samples (including 3,320 dizygotic twin pairs
and 7,026 unrelated individuals), with 7,289 individuals and
559,772 SNPs genotyped on Illumina and 3,057 individuals and
635,269 SNPs genotyped on Affymetrix remained after quality
control. Both samples were imputed separately to the Haplotype
Reference Consortium (release 1.1) reference genotypes using
the Sanger Imputation Server (McCarthy et al., 2016), before
merging genotype data obtained from both platforms. Follow-
ing postimputation quality control and platform harmonization,
7,363,646 SNPs were retained for the analyses (for full details,
see Selzam et al., 2018).
To calculate genomic principal components to account for pop-
ulation stratification, we performed principal component analysis
on a subset of 39,353 common (MAF  5%), perfectly imputed
(info  1) autosomal SNPs, after stringent pruning to remove
markers in linkage disequilibrium (r2  0.1) and exclusion of high
linkage disequilibrium genomic regions.
Measures
General Certificate of Secondary Education. The General
Certificate of Secondary Education (GCSE) is a standardized
U.K.-based examination at the end of compulsory education at age
16. Students are required to take three core subjects: English,
mathematics, and science. For 7,325 genotyped individuals,
these results were obtained from questionnaires sent via mail, in
addition to telephone interviews with twins and their parents.
We also obtained subject grades for an additional 1,227 geno-
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typed participants who had missing self-reported data from the
National Pupil database (NPD: https://www.gov.uk/government/
collections/national-pupil-database). Written consent was given
before accessing these data. The total sample included 8,552
genotyped individuals (M  16.30 years; SD  0.29 years),
including 2,799 DZ twin pairs. Subjects were graded from 4 (G;
the minimum pass grade) to 11 (A; the best possible grade).
We used a mean of the three z-standardized compulsory sub-
jects because other subjects are taken by only subsamples of the
students. English, mathematics and science performance corre-
lated highly with each other (r  .70 –.81). Furthermore, self-
reported GCSE grades of TEDS participants show high accu-
racy, correlating 0.98 English and 0.99 for mathematics grades
with data obtained for a subsample from the NPD.
General cognitive ability. Individuals were measured on mul-
tiple cognitive tests including verbal and nonverbal abilities at age 7
(M  7.12, SD  0.24, N  5,612), 12 (M  11.44, SD  0.65, N 
5,284), and 16 (M  16.47, SD  0.278, N  2,840). Age specific
mean score composites were derived from four tests at age seven:
Conceptual Grouping (McCarthy, 1972), Similarities, Vocabulary,
and Picture Completion (Wechsler, Golombok, & Rust, 1992); three
tests at age 12: Raven’s Progressive Matrices (Raven, Raven, &
Court, 1998), General Knowledge (Kaplan, Fein, Kramer, Delis, &
Morris, 1999), and Picture Completion (Wechsler et al., 1992) and
two tests at age 16: Raven’s Progressive Matrices (Raven et al., 1998)
and Mill Hill Vocabulary test (Raven, Raven, & Court, 1989). A
general cognitive ability composite was created by taking the arith-
metic mean of the z-standardized cognitive ability composites, requir-
ing data to be present for at least two ages (N  3,939; including
1,261 DZ twin pairs).
Personality and motivation measures. We included 28 self-
report measures collected at age 16 (M  16.48 years; SD  0.27
years) via self-reports using paper booklet (b) and web-based (w)
assessment.
(w) PISA math self-efficacy – eight items (PISA, OECD
Programme for International Student Assessment; www.pisa
.oecd.org). This scale was selected from the PISA 2000, 2003,
and 2006 student questionnaires, comprising eight items asking
participants to rate how confident they feel about having to do
mathematical tasks on a 4-point scale from not at all confident
to very confident. For example, solving an equation like: 2(x 
3)  (x  3)(x – 3). The total score was created by taking the
mean of the eight items, requiring at least four to be present.
The scale has an average reliability of 0.83 across OECD
countries (Adams & Wu, 2003). We find similar reliability
estimates in the present sample (  0.90).
(w) PISA math interest – three items (PISA, OECD Pro-
gramme for International Student Assessment; www.pisa
.oecd.org). This scale was selected from the PISA 2000, 2003,
and 2006 student questionnaires. The scale asked participants to
rate how interested they were in mathematics on a 4-point scale
from strongly disagree to strongly agree. For example, rating
statements such as: “I look forward to my mathematics les-
sons.” The total score was created by taking the mean of the
three items, requiring at least two to be present. The mean
reliability across OECD countries is .75 for this measure
(Adams & Wu, 2003). We find a slightly better reliability
estimate in the present study than that previously reported ( 
0.93).
(w) PISA time spent on math – three items (PISA, OECD
Programme for International Student Assessment; www
.pisa.oecd.org). This scale was selected from the PISA 2000,
2003, and 2006 student questionnaires. The scale asked partici-
pants to rate how much time they typically spent per week study-
ing mathematics from no time to 6 hr or more. For example
“Regular lessons in mathematics at my school.” The total score
was created by taking the mean of the three items, requiring at least
two to be present. The mean reliability across OECD countries is
0.76 for this measure (Adams & Wu, 2003). We find slightly lower
reliability estimates (  0.53) in the current sample.
(w) Academic self-concept – 11 items (Burden, 1998). This
scale aims to assess children’s perceptions of themselves as learn-
ers and problem solvers by asking children to rate themselves on
a 5-point scale from very much like me to not at all like me to
statements such as “I know the meaning of lots of words.” The
total score was created by taking the mean of the 11 items,
requiring at least five to be present. The mean reliability across
OECD countries is 0.79 for this measure (Adams & Wu, 2003).
We find similar reliability estimates (  0.84) in the current
sample.
(w) Total attitude toward key subjects – three items (PISA,
OECD Programme for International Student Assessment;
www.pisa.oecd.org). This scale was selected from the PISA
2000, 2003, and 2006 student questionnaires. Participants were
asked to answer the question “In general, how important do you
think it is for you to do well in the subjects below?” on a 4-point
scale from not at all important to very important for the subjects
English, mathematics, and science. The total score was created by
taking the mean of the three items, requiring at least two to be
present. The mean reliability across OECD countries is 0.79 for
this measure (Adams & Wu, 2003). We find lower reliability in
our sample (  0.45).
(w) School engagement – 19 items (Appleton, Christenson,
Kim, & Reschly, 2006). This scale aims to assess children’s
engagement with the school environment, including teacher-
student relations, control and relevance of schoolwork, peer sup-
port, and family support for learning. Participants were required to
answer questions such as “I enjoy talking to the teachers at my
school” and “Students at my school respect what I have to say” on
a 4-point scale from strongly disagree to strongly agree. The total
score was created by taking the mean of the 19 items, requiring at
least 10 to be present. The reliability of factors in this measure
range from 0.76 to 0.88 (Appleton et al., 2006). We find high
reliability (  0.99) in the current sample.
(w) Big Five Personality (Extraversion, Openness, Agree-
ableness, Conscientiousness, neuroticism) – 30 items (Mullins-
Sweatt, Jamerson, Samuel, Olson, & Widiger, 2006). We used
the subscales from this measure, tapping into Extraversion, Open-
ness, Agreeableness, Conscientiousness, and Neuroticism.
Extraversion – six items. Participants were asked to rate
where they were on a scale that varied for each item. For example
for the trait Activity they had to rate where they were on a scale
from vigorous, energetic, active to passive, lethargic. The total
score was created by taking the mean of the five items, requiring
at least three to be present. Across five studies, the reliability of
this dimension has been estimated to be between 0.60–0.76. In the
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current sample, the reliability is within the range of previous
studies (  0.68).
Openness – six items. Participants were asked to rate where
they were on a scale that varied for each item. For example for the
trait Fantasy they had to rate where they were on a scale from
dreamer, unrealistic, imaginative to practical, concrete. The total
score was created by taking the mean of the five items, requiring
at least three to be present. Across five studies, the reliability of
this dimension ranged between 0.51–0.69. In the current sample,
the reliability is within the range of previous studies (  0.61).
Agreeableness – six items. Participants were asked to rate
where they were on a scale that varied for each item. For example
for the trait Compliance they had to rate where they were on a
scale from docile, cooperative to oppositional, combative, aggres-
sive. The total score was created by taking the mean of the five
items, requiring at least three to be present. Across five studies, the
reliability of this dimension ranged between 0.56–0.72. In the
current sample, the reliability is within the range of previous
studies (  0.65).
Conscientiousness – six items. Participants were asked to rate
where they were on a scale that varied for each item. For example
for the trait Self-discipline they had to rate where they were on a
scale from dogged, devoted to hedonistic, negligent. The total
score was created by taking the mean of the five items, requiring
at least three to be present. Across five studies, the reliability of
this dimension ranged between 0.73–0.78. In the current sample,
the reliability is within the range of previous studies (  0.77).
Neuroticism – six items. Participants were asked to rate where
they where on a scale that varied for each item. For example for the
trait Angry hostility they had to rate where they were on a scale
from angry, bitter to even-tempered. The total score was created
by taking the mean of the five items, requiring at least three to be
present. Across five studies, the reliability of this dimension
ranged between 0.62–0.69. The reliability is in line with previous
estimates (  0.70).
(w) Ambition – five items (Duckworth & Quinn, 2009).
This measure required participants to rate statements such as “I
aim to be the best in the world at what I do” and “I am ambitious”
on a 5-point scale from very much like me to Not like me at all. The
total score was created by taking the mean of the five items,
requiring at least three to be present. The questionnaire from which
these questions were drawn has good reliability, with Cronbach’s
alphas ranging from 0.83–0.84 (Duckworth & Quinn, 2009). The
reliability in the present sample is slightly lower than estimates
from previous studies, but is still considered acceptable ( 
0.74).
(w) Grit – nine items (Duckworth & Quinn, 2009). This
measure required participants to rate statements such as “I am
driven to succeed” on a 5-point scale from very much like me to not
like me at all. The total score was created by taking the mean of the
nine items, requiring at least five to be present. The questionnaire
has good reliability, with Cronbach’s alphas ranging from 0.83–
0.84 (Duckworth & Quinn, 2009). The reliability in the present
sample is slightly lower than estimates from previous studies, but
is still considered acceptable (  0.74).
(w) Curiosity - seven items (Kashdan, Rose, & Fincham,
2004). This measure required participants to rate statements such
as “everywhere I go, I am looking out for new things or experi-
ences” and “I would describe myself as someone who actively
seeks as much information as I can in a new situation” on a 7-point
scale from strongly agree to strongly disagree. The total score was
created by taking the mean of the seven items, requiring at least
four to be present. Across five studies, the Cronbach’s alpha
ranged from 0.72 – 0.80 (Kashdan et al., 2004). In the current
sample, the reliability is within the range of previous studies ( 
0.74).
(w) Hopefulness – six items (Snyder et al., 1997). This
measure required participants to rate sentences about themselves,
such as “I think I am doing pretty well” and “I think the things I
have done in the past will help me in the future” from all of the
time to none of the time. The total score was created by taking the
mean of the six items, requiring at least three to be present. Across
eight studies, Cronbach’s alpha ranged from 0.72 to 0.86, with a
median alpha of 0.77 (Snyder et al., 1997). In the current sample,
the reliability is within the range of previous studies (  0.83).
(b) Strengths and Difficulties Questionnaire: Behavior prob-
lems – 20 items (Goodman, 1997). This is a dimensional and
developmental measure of child mental health for children aged
3–16 years. Children are required to answer statements on a
3-point Likert scale (not true; quite true; very true). It taps into
four domains, each of which are measured by five items, requiring
at least three to be present from the subscale:
Conduct problems. For example: ‘I get very angry and often
lose my temper.’ Reliability estimates across studies range from
0.44–0.62 (Mieloo et al., 2012). We found reliability estimates in
line with those from other studies (  0.53).
Hyperactivity/inattention. For example, “I am easily dis-
tracted, I find it difficult to concentrate.” Reliability estimates
across studies range from 0.75–0.87 (Mieloo et al., 2012). Our
reliability estimate was in line with those reported in previous
studies (  0.73).
Peer relations. For example, “I have one good friend or
more.” Reliability estimates across studies range from 0.40–0.58
(Mieloo et al., 2012). In the current sample, the reliability is within
the range of previous studies (  0.56).
Prosocial behavior. For example, “I try to be nice to other
people. I care about their feelings.” Reliability estimates across
studies range from 0.59–0.82 (Mieloo et al., 2012). In the current
sample, the reliability is within the range of previous studies ( 
0.67).
(b) Strengths and Weaknesses of ADHD Symptoms and
Normal Behavior Scale – 18 items (Swanson et al., 2012). This
behavior rating scale is based on Diagnostic and Statistical Man-
ual of Mental Disorders, fifth edition (DSM–5) criteria for ADHD
diagnosis measuring inattentive, hyperactive, and impulsive be-
haviors. Children are asked to compare themselves with other
people of their age on a 7-point scale from far below average to far
above average:
Inattention scale. Derived from nine items, an example item
is “I sustain attention on tasks or leisure activities,” requiring at
least half of the items to be present. This scale is scored so that
higher scores mean better attention. The reliability for this subscale
is 0.91 in one English study and 0.92 in a Spanish study, with good
test–retest reliability as well (r  0.72 and 0.49; Lakes, Swanson,
& Riggs, 2012). Our reliability estimate was in line with those
reported in previous studies (  0.88).
Hyperactivity scale. Derived from nine items, an example
item is “I sit still (control movement of hands/feet),” requiring at
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least half of the items to be present. This scale is scored so that
higher scores indicate calm and controlled behavior. The reliability
for this subscale is 0.93 in one English study and 0.95 in a Spanish
study, with good test–retest reliability (r  0.71 and 0.61; Lakes et
al., 2012). Our reliability estimate was in line with those reported
in previous studies (  0.90).
(w) Gratitude - six items (McCullough, Emmons, & Tsang,
2002). This measure required participants to rate statements such
as “I am grateful to a wide variety of people” and “I have so much
in life to be thankful for” on a 7-point scale from strongly agree to
strongly disagree. The total score was created by taking the mean
of the six items, requiring at least three to be present. The internal
consistency reliability of this scale is 0.82 (McCullough et al.,
2002). The reliability is slightly lower than estimates from previ-
ous studies, but is still considered acceptable (  0.75).
(b) Cognitive disorganization – 11 items (Mason, Linney, &
Claridge, 2005). This scale, measuring poor attention and con-
centration, requires individuals to answer 11 items by answering
either yes or no. For example: “Do you frequently have difficulty
in starting to do things?”; “Do you find it difficult to keep inter-
ested in the same thing for a long time?”; “Is it hard for you to
make decisions?” A total score is derived by taking the mean of the
11 items, requiring at least six items to be nonmissing. Reliability
of this scale is good, with Cronbach’s alpha estimates of 0.77
(Mason et al., 2005). We found the reliability of this scale to be the
same as reported previously (  0.77).
(b) Childhood Anxiety Sensitivity Index – 18 items (Silver-
man, Fleisig, Rabian, & Peterson, 1991). This is a child-
reported questionnaire measuring anxiety sensitivity (i.e., the be-
lief that anxiety symptoms have negative consequences).
Responses are rated on a 3-point Likert scale (not true; quite true;
very true). For example: “I do not want other people to know when
I feel afraid”; “I get scared when I feel nervous.” A total score is
derived by taking the mean of the 18 items, requiring at least nine
items to be nonmissing. Reliability of this scale has been tested in
clinical and nonclinical samples, both showing good Cronbach’s
alphas of 0.87 (Silverman et al., 1991). We found the reliability of
this scale to be very similar to previous reports of reliability ( 
0.86).
(b) Moods and Feelings Questionnaire (MFQ) Short version –
11 items (Angold, Costello, Messer, & Pickles, 1995). A brief
questionnaire based on DSM–III–R criteria for depression. It is
measured on a 3-point Likert scale (not true; quite true; very true)
and includes a series of descriptive phrases regarding how the
participant has been feeling or acting recently. For example: “I felt
I was no good anymore”; “I felt lonely”; “I hated myself.” A total
score is derived by taking the mean of the 11 items, requiring at
least six items to be nonmissing. This scale was reversed so that
higher scores meant participants felt fewer depressive traits. The
reliability of this scale is good, for both the child version ( 
0.85) and the adult version (  0.87; Angold et al., 1995). We
found the reliability of this scale to be in line with previous reports
of reliability of this scale (  0.86).
(w) Life satisfaction – 21 items (Huebner, 1994). This mea-
sure taps into different elements of life satisfaction, such as family,
school, environment, and life satisfaction from friends. It is mea-
sured on a 6-point scale from strongly agree to strongly disagree
and asks participants to rate statements such as: “I enjoy being at
home with my family” and “I like where I live.” A total score is
derived by taking the mean of the 21 items, requiring at least 11
items to be nonmissing. Previous studies have shown the reliability
of this measure to be good, estimated at   0.92 (Huebner, 1994).
In the present sample, we found a similar estimate (  0.86).
(w) Subjective happiness – four items (Lyubomirsky & Lep-
per, 1999). These questions tap into perceived happiness, asking
participants to complete a sentence. For example: “In general, I
consider myself . . .” with a 7-point response option from . . . not
a very happy person to . . . a very happy person. A total score is
derived by taking the mean of the four items, requiring at least two
items to be nonmissing. Reliability estimates from 14 samples
ranged from 0.79–0.94 (Lyubomirsky & Lepper, 1999). We found
the reliability of this scale in our sample to be similar to previously
reported estimates (  0.78).
(w) Optimism – six items (Scheier, Carver, & Bridges, 1994).
This measure required participants to rate statements such as “In
uncertain times, I usually expect the best” and “I’m always opti-
mistic about my future” on a 5-point scale from very much like me
to not like me at all. The total score was created by taking the mean
of the six items, requiring at least three to be present. The reli-
ability of this measure is good, estimated at   0.82 (Scheier et
al., 1994). We found the reliability of this scale in our sample to be
similar to previously reported estimates (  0.76).
Supplemental Table S1 shows that for most measures, there
were small but significant gender differences, and that for some
measures there were small effects of age. Prior to any further
analyses, all variables were corrected for the effects of gender and
age using the regression method to obtain z-standardized residuals.
Because of the large number of measures and the widespread
correlations (Supplemental Figure S1), we looked at empirical
studies of personality structure and conducted factor analysis (FA)
to reduce the large number of measures to six domains. These
comprised: Extraversion, Neuroticism, Openness to Experience,
Conscientiousness, Agreeableness, and Academic Motivation.
Before conducting factor analysis, we performed parallel anal-
ysis to guide factor extraction. In parallel analysis, FA is repeat-
edly applied to sets of randomly generated, uncorrelated data.
These data contain the same sample parameters as in the study
sample, and by simulating numerous FAs parallel analysis pro-
duces a distribution of eigenvalues. If the component eigenvalue in
the study sample is greater than the 95th percentile of the simu-
lated eigenvalues, the retention of this component is justified
(O’Connor, 2000). Results from parallel analysis based on our
sample parameters (N  603, based on the total number of indi-
viduals with no missing data; number of variables  28; number
of iterations  1,000) indicated the retention of five factors (see
online supplementary Figure S2). To guide our decision-making in
creating personality domains, we performed oblique rotation (pro-
max) to allow for correlated factors.
The five-factor FA accounted for 42% of the total variance. Factor
loadings revealed an underlying structure representing the FFM.
However, instead of an Extraversion factor, there was a factor repre-
senting Academic Motivation. The measure of extraversion loaded
substantially onto factors of Openness (0.59), Neuroticism (0.25),
and Conscientiousness (0.26) instead of forming a separate factor.
This is presumably because there were no other scales that served as
indicators of Extraversion. Based on existing scientific knowledge of
personality structure, we decided to rerun the FA excluding Extraver-
sion and instead have Extraversion as its own separate personality
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domain. Repeated parallel analysis confirmed the selection of the top
five factors for rotation. The final FA without extraversion also
explained 42% of the total variance (see Table 1), and item loadings
revealed five factors: Neuroticism (e.g., cognitive disorganization and
anxiety), Openness to Experience (e.g., ambition and curiosity), Con-
scientiousness (e.g., attention and focus), Agreeableness (e.g., pro-
social behavior and gratitude), and Academic Motivation (e.g., math
self-efficacy and engagement with key subjects). Item loadings are
shown in Table 2.
Rather than extracting factor loadings to create personality
domains for subsequent analysis, which would lead to a substantial
loss of data due to listwise deletion, we created variables by taking
the arithmetic mean of the standardized subscales, requiring at
least half to be present and reversing measures when they corre-
lated negatively with a factor. Composites based on factor loading
extraction and mean composite calculation correlated highly (av-
erage r  .91). Descriptive statistics of the six personality and
motivation domains and the 28 subscales are shown in Supple-
mental Table S1, and correlations between the domains can be
found in Supplemental Figure S3.
To test whether there were any meaningful differences between
those with missing and nonmissing personality and motivation com-
posites, we conducted sensitivity analyses. We assessed mean differ-
ences in socioeconomic status assessed at first contact (mean com-
posite of parental education, occupation, and maternal age at the birth
of the first child), general cognitive ability and GCSE results between
missing and nonmissing personality and motivation composites
scores. We found small differences between those with missing and
nonmissing data, accounting for an average of 1% (range 0.1% to
2.6%) of the phenotypic variance (see Supplemental Table S2).
Statistical Analyses
Genome-wide polygenic score calculation. For the 10,346
individuals in our sample, we calculated three polygenic scores.
The first was based on the summary statistics for a GWA meta-
analysis for years of education (N  766,345 after removal of all
23andme participants; Lee et al., 2018). The second and third were
based on the two largest GWA meta-analyses for personality traits
to date, Neuroticism (N  329,821; Luciano et al., 2018) and




Rotation sums of squared loadings
Total % of variance Cumulative %
1 3.085 11.426 11.426
2 2.824 10.459 21.885
3 2.288 8.472 30.358
4 1.586 5.875 36.233
5 1.566 5.799 42.032
Note. Individual and cumulative variance explained by the top five fac-
tors.
Table 2
Rotated Item Factor Loadings
Measure Neuroticism Openness Conscientiousness Agreeableness Academic Motivation
Cognitive disorganization 0.52 0.49
Anxiety 0.62
MFQ 0.80
Subjective happiness 0.67 0.21
Life satisfaction 0.68 0.34
Peer problems 0.54











Maths time spent 0.25
Attitudes key subjects 0.20 0.18
School engagement 0.21
Openness 0.24 0.22
Conscientiousness 0.22 0.35 0.39
SDQ conduct 0.20 0.34 0.27 0.48
GRIT 0.44 0.41
Gratitude 0.21 0.26 0.43
Neuroticism 0.45 0.31
Optimism 0.29 0.46
Note. MFQ  Moods and feelings questionnaire; SDQ  Strengths and difficulties questionnaire; SWAN  Strengths and weaknesses of ADHD
symptoms and normal behavior rating scale. Oblique (promax) rotation was applied. Only variables with factor loadings of 0.20 are shown. Measures
included in the same composite are set in bold.
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The first wave of TEDS genotyped samples (N  2,148; Trzas-
kowski et al., 2013) was included in the discovery sample of the
Well-being GWA meta-analysis. Therefore, we performed a sta-
tistical correction on the summary statistic effect size coefficients
and p values (Socrates et al., 2017) to account for the overlap
between the discovery and target sample. We first replicated the
genome-wide association study on Well-being using genotypes
from the 2,148 TEDS individuals that were included in the meta-
analysis, following the GWA protocol applied in the discovery
analysis (Okbay, Baselmans, et al., 2016). Second, the obtained
beta coefficients and standard errors for each SNP were then used
to adjust the meta-analysis beta coefficients and standard errors.
These adjusted values are analogous to the effects for each SNP if
the TEDS sample would have been removed in the discovery
meta-analysis (Socrates et al., 2017). Third, we calculated new p
values based on the adjusted beta coefficients and standard errors.
The adjusted summary statistics for well-being were used for
polygenic score calculation in the full TEDS sample.
A GPS is calculated by using information from GWA study
summary statistics about the strength of association between a
genetic variant and a trait, to score individuals’ genotypes in
independent target samples such as TEDS. Here, we used a Bayes-
ian approach to polygenic score calculation, implemented in the
software LDpred (Vilhjálmsson et al., 2015). In comparison with
conventional clumping and p value thresholding approaches, LD-
pred has demonstrated an improvement in predictive accuracy
(Vilhjálmsson et al., 2015). Through this method, a posterior effect
size is calculated for each single SNP that is present in both the
GWA study summary statistics and the target genotype sample. To
calculate this, the original summary statistic effect size estimates
are adjusted based on two factors: (a) the relative influence of a
SNP given its level of LD with surrounding SNPs in the target
sample (here TEDS), and (b) a prior on the effect size of each SNP.
This prior depends on the SNP-heritability of the discovery (i.e.,
GWA study) trait and an assumption on the fraction of causal
markers believed to influence the discovery trait. For this study,
we set the LD radius to a 2 Megabase window and used a prior
based on a fraction of causal markers of 1, meaning that we apply
the assumption that all SNPs are causally influencing the discovery
trait. Therefore, the prior reweights the beta effect sizes such that
the effects are spread out among the SNPs across the whole
genome in proportion to the LD present among these SNPs. To
accommodate the high computational demands of these calcula-
tions, we reduced our genotype data set to SNPs that had perfect
imputation scores (info  1), leaving 515,100 SNPs for analysis.
In the next step, all trait-associated alleles were counted (0, 1, or
2 for each SNP), weighted by the posterior SNP effect size
obtained through LDpred, and summed across the genome to
calculate a GPS for each individual in TEDS. Although we use a
prior based on a fraction of causal markers of 1 to create a GPS for
the main analysis, we calculated two more scores with fractions
0.01 and 0.10 for comparison (see online supplementary figures
S4–S6 for correlations based on different priors).
To control for platform effects (Affymetrix vs. Illumina) and
plate effects, as well as effects of population stratification, we
regressed all GPS used in this study on platform and plate data, and
the first 10 principal components. For all subsequent analyses, we
used z-standardized residuals.
Trait prediction based on regression analysis. To test the
extent to which EduYears GPS, neuroticism GPS, and well-being
GPS can predict personality traits that are related to GCSE, we
applied regression analysis, using robust standard errors to account
for the clustering in our data. Because these traits are associated
with general cognitive ability, we repeated these analyses using the
residuals obtained from regressing our personality and motivation
traits on general cognitive ability. We performed bootstrapping
with 10,000 bootstrap samples to obtain 95% bootstrap percentile
intervals for each coefficient of determination (R2). To identify
whether prediction estimates between the three GPS differed sig-
nificantly, we used the Williams modification of the Hotelling test
(Williams, 1959), which takes into account nonindependence of
the predictor variables. Additionally, we performed three multiple
regression analyses with the polygenic scores as outcomes to
assess the relative contributions of general cognitive ability and the
personality and motivation phenotypes to polygenic score varia-
tion.
Sensitivity analyses for GPS trait prediction. We carried
out two types of sensitivity analyses. First, by virtue of the con-
siderable GWA study sample sizes differences between EduYears
(N  760,000) and the personality association studies (neuroti-
cism: N  330,000; well-being; N  300,000), it is possible that
differences in GPS predictions are a product of differences in
power to detect effect sizes. We therefore repeated our association
analyses between EduYears GPS and personality measures using
the 2016 GWA study summary statistics based on a sample of
300,000 individuals to assess any gains in prediction as a result
of the steep sample size increase (Supplemental Figure S7).
Second, it is a common concern that regression coefficients
from GPS analyses are biased due to overfit to the data (Choi,
Mak, & O’Reilly, 2018; Wray et al., 2013). Because of the lack of
an independent validation sample to test model performance, we
carried out internal validation by applying repeated fivefold cross-
validation in our sample to reduce model bias and variability of
cross-validation prediction estimates (Kim, 2009). Furthermore,
we restricted our sample to unrelated individuals only to simulta-
neously assess a potential bias due to the inclusion of relatives in
our target sample (for descriptive statistics of the unrelated sample,
see Supplemental Table S3). For each of the folds, the sample was
randomly partitioned into 80% training samples, used to train the
model, and 20% validation samples used to evaluate the model
performance, where each individual appeared only once in the
validation sample. The fivefold cross-validation procedure was
repeated 50 times with random data splits, and the final cross-
validated R2 estimates were calculated as the average of all model
estimates.
GPS prediction of covariance. Finally, we calculated the
extent to which each GPS accounts for the relation between
personality and motivation domains and GCSE grades using struc-
tural equation modeling. We estimated (i) Effect of the GPS on the
personality/motivation traits and GCSE grades (ab), (ii) the re-
sidual correlation between personality/motivation traits and GCSE
results after accounting for the mutual effect of the GPS on both
traits (c=), and (iii), the total covariance explained by the model
(ab  c=). Using this information, it is possible to calculate the
extent to which a GPS explains the association between personal-
ity/motivation domains and GCSE results (ab) / (ab  c=); see
Supplemental Methods S1).
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Alpha correction for multiple testing. Multiple testing was
accounted for by adjusting the significance threshold by the effec-
tive number of tests in accordance with the Nyholt-Šidák correc-
tion, which accounts for correlation among the variables. For the
Nyholt approach, eigenvalue decomposition is applied to a corre-
lation matrix containing the variables used for analysis, and the
eigenvalue variance in relation to the absolute number of variables
is used to calculate the effective number of variables (Deff; Nyholt,
2004). For our analyses, we calculated an effective number of
variables based on seven input variables (GCSE results and six
personality variables) before and after correcting these variables
for general cognitive ability, resulting in Deff of 6.27 and 6.34,
respectively. These derived values were then used to calculate the
Šidák corrected (Šidák, 1971) significance threshold (  1 –
0.951/Deff). We calculated a total number of 58.83 tests performed
for our main analyses. This was calculated by adding together the
number of tests: 18.81 tests for comparing each of the three GPS
with the seven variables (3  6.27), 19.02 tests for comparing the
three GPS with the seven variables while accounting for general
cognitive ability (3  6.34), 18 tests to calculate the extent to
which the three GPS account for the covariance between GCSE
grades and personality traits (3  6) and three multiple regressions
(3). This resulted in a corrected p value threshold of 8.72  104.
All analyses were performed using the statistical software R (R
Core Team, 2017). Parallel analysis was performed using the
‘parallel’ function in the package nFactors (Raiche & Magis,
2010). Factor analysis was performed using the ‘factanal’ function
in the stats package. Bootstrapping was performed using the ‘boot’
function in the boot package (Canty & Ripley, 2012). Robust
standard errors were calculated using the ‘coeftest’ function im-
plemented in the lmtest package (Zeileis & Hothorn, 2002). Sig-
nificance of difference between correlation coefficients was tested
using the ‘r.test’ function in the psych package (Revelle, 2017).
Repeated cross-validation was performed using the ‘trainControl’
and ‘train’ function (method ’lm’) in the package caret (Kuhn,
2015). Structural equation modeling analyses were performed us-
ing the package lavaan (Rosseel et al., 2018), selecting the robust
standard error option to account for the clustering in our data due
to the inclusions of DZ twin pairs.
Results
Correlations Between Personality Domains and
Academic Achievement
Phenotypic correlations between academic achievement (GCSE
results) and the six personality and motivation domains were
examined to evaluate the strength of associations between these
measures. Pearson’s correlation coefficients were statistically sig-
nificant and absolute values ranged from 0.13 to 0.45 (see Sup-
plemental Figure S3). For correlations between all underlying
personality facets and motivation traits and GCSE results, see
Supplemental Figure S3.
Polygenic Score Prediction of Personality and
Academic Motivation
To test the predictive validity of the polygenic score for years of
education (EduYears GPS) and the six personality and motivation
domains that contribute to educational success, we performed
association analyses. Figure 1A shows that EduYears GPS was a
significant predictor of all personality/motivation domains but
Neuroticism and Extraversion, which did not withstand correction
for multiple testing. EduYears GPS was significantly positively
associated with Agreeableness (	  0.098, p  2.17  1016,
R2  0.010), Conscientiousness (	  0.077, p  5.59  105,
R2  0.006), Openness (	  0.141, p  5.09  1016, R2 
0.021), and Academic Motivation (	  0.167, p  3.99  1021,
R2  0.029). The direction of associations indicated that higher
EduYears GPS scores related to higher Academic Motivation,
Openness, Conscientiousness and Agreeableness. We also tested
the association with GCSE grades, finding EduYears GPS signif-
icantly predicted GCSE results (	  0.370, p  3.36  10288,
R2  0.137), as reported in Allegrini et al., 2018.
The GPS for neuroticism significantly negatively related to
GCSE results (	  0.067, p  1.51  109, R2  0.004),
Openness (	  0.065, p  4.37  103, R2  0.004), and
Academic Motivation composites (	  0.088, p  6.43  107,
R2  0.007), and was as expected positively associated with the
Neuroticism composite (	  0.087, p  2.21  1011, R2 
0.007; Figure 1A). Associations with the Conscientiousness, Ex-
traversion, and Agreeableness composite did not survive multiple
testing corrections. Overall, the direction of effects indicated that
individuals that carry more genetic variants that are related to
Neuroticism (i.e., individuals with a higher Neuroticism GPS)
scored higher on Neuroticism, had significantly lower GCSE
grades, and showed a significant decrease in Openness and Aca-
demic Motivation.
The well-being GPS was a significant predictor of the Neurot-
icism composite (	  0.076, p  1.74  108, R2  0.006) and
the Agreeableness composite (	  0.053, p  2.97  105, R2 
0.003), such that a higher well-being GPS related to lower Neu-
roticism scores, and higher Agreeableness scores. No correlation
was found with GCSE score (Figure 1A). Results for other GPS
thresholds are reported in Supplemental Figures S4-6.
With the exception of the Neuroticism composite and Extraver-
sion, the magnitudes of the correlation coefficients between
EduYears GPS and the personality measures were at least twice as
high as of those relating to the Neuroticism and Well-being GPS.
Formal comparisons between correlation coefficients showed that
EduYears GPS was a significantly stronger predictor than the
Neuroticism and Well-being GPS for GCSE results (p  1.00 
10109; p  1.90  10138, respectively), Openness (p  8.8 
104; p  3.00  106, respectively), and Academic Motivation
(p  3.80  104; p  1.40  1010, respectively). For Agree-
ableness, EduYears GPS was a better predictor than the Neuroti-
cism GPS (p  2.30  106), but not the Well-being GPS (p 
.006). The contrasts between the Neuroticism and the Well-being
GPS showed that the Neuroticism GPS significantly predicted
more variance in Academic Motivation (p  7.90  104) and
GCSE results (p  3.20  105).
Controlling for General Cognitive Ability
General cognitive ability correlated with personality and moti-
vation facets and composites, as well as GCSE grades (Supple-
mental Figure S3). Therefore, we corrected the composites and
GCSE results for variance explained by general cognitive ability
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and repeated the association analyses as shown in Figure 1B. We
found that EduYears GPS was still a significant, albeit attenuated,
predictor of GCSE grades, Agreeableness, Openness, and Aca-
demic Motivation. For the Neuroticism GPS, previously signifi-
cant correlations with Academic Motivation and Openness did not
reach the multiple-testing corrected p value threshold after ac-
counting for general cognitive ability, and the magnitudes of
associations were mostly attenuated for GCSE results. In contrast,
the associations with Extraversion and Neuroticism remained sig-
nificant and of similar strength after correction for general cogni-
tive ability. The correlation between the Well-being GPS and the
Neuroticism composite remained statistically significant, with no
attenuation of effect size. These results suggest that the covariance
shared between the GPS and the personality and motivation do-
mains is partly tagged by general cognitive ability, but not solely
explained by it. Attenuations were substantially more pronounced
for EduYears GPS associations (71.3% including GCSE; 73.9%
excluding GCSE) than for the neuroticism (50.9% including
GCSE; 43.2% excluding GCSE) and Well-being GPS (4.5% in-
cluding GCSE; 5.2% excluding GCSE), indicating that, as ex-
pected, the EduYears GPS tags more genetic variants related to
general cognitive ability.
Sensitivity Analyses
Associations between the 2016 EduYears GPS and person-
ality measures. To assess the extent to which the considerably
larger GWA study sample size had on EduYears GPS predictions
of personality traits relative to the neuroticism and well-being
GPS, we repeated our analyses using a GPS that is based on the
2016 EduYears GPS that has a similar sample size to the neurot-
icism and well-being GWA study. We found that for the person-
ality domains, Pearson’s correlation coefficients using the 2016
and the 2018 EduYears GPS were almost identical (Supplemental
Figure S7), indicating that GWA study power differences between
EduYears and neuroticism and well-being are not likely to explain
the differences in predictions of personality measures.
Repeated cross-validation of prediction estimates. To test
whether our regression model estimates were biased, potentially
because of overfit data or relatedness within the sample, we
contrasted them to more robust estimates obtained from repeated
fivefold cross-validation in unrelated samples (see Figure 2).
Model estimates derived from our previous analyses using the full
sample were very similar to the mean of all cross-validated pre-
dictions, and without exception fell within the 95% cross-validated
R2 percentile ranges. Moreover, where prediction estimates from
our full sample differed, the values were generally more conser-
vative than the mean cross-validated R2 values. Overall, these
comparisons indicate that our model predictions in our full sample
are not inflated due to overfitting or relatedness.
Multiple regression analyses predicting polygenic scores
from cognitive ability, personality and Academic Motivation.
To further assess the contributions of cognitive ability and the
personality/motivation domains in the polygenic score variation,
we performed multiple regression analyses with the polygenic
scores as dependent variables. Table 3 shows the beta coefficients
for each measure in the joint prediction models. Results for Model
Figure 1. Genome-wide polygenic scores (GPS) as a predictor of six personality and motivation domains and
GCSE (General Certificate of Secondary Education) results (A) before and (B) after accounting for general
cognitive ability. The color shading represents magnitude of Pearson Correlation coefficients, and the values in
each cell represent the amount of phenotypic variance explained by the polygenic scores. Values in square
brackets represent the lower and upper bounds of the 95% bootstrapped percentile intervals based on 10,000
bootstrap samples. ‘’  p value threshold for significance after correction for multiple testing (8.72  104).
See the online article for the color version of this figure.
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1 indicated that a significant proportion of variance in EduYears
GPS was explained by the predictors (F(7, 2149)  29.00, p 
1.94  1038, Radjusted
2
 0.083). The effects were predominantly
driven by general cognitive ability and the Agreeableness com-
posite. The overall multiple regression model predicting neuroti-
cism GPS was significant (F(7, 2149)  6.29, p  2.49  107,
R2  0.017), with the largest effect sizes from individual contrib-
utors stemming from general cognitive ability and Neuroticism.
The multiple regression model predicting the well-being GPS was
not statistically significant (F(7, 2149)  3.11, p  2.87  103,
R2  0.007), and most of the variance was, albeit not significantly,
accounted for by the Neuroticism composite.
Polygenic score prediction of covariation. Because GCSE
grades, EduYears GPS and the personality and motivation domains
are intercorrelated (Supplemental Figure S1), we tested the extent
to which EduYears GPS accounted for the association between
GCSE grades and the personality and motivation domains. Figure
3 and Table 4 show that EduYears GPS accounted for a significant
amount of covariation between GCSE grades and Academic Mo-
tivation (12.2%, p  1.24  1012), Openness (14%, p  6.06 
1011), Conscientiousness (7.7%, p  8.72  104), and Agree-
ableness (15.6%, p  8.69  1013). For comparison, we per-
formed the same analyses using the Neuroticism and Well-being
GPS. The Neuroticism GPS only accounted for a significant
Figure 2. Comparison of prediction in full sample including DZ twin pairs to cross-validated predictions in
unrelated individuals. We performed fivefold cross-validation with 50 repetitions. R2 estimates that fall within
the 95% percentile of all cross-validation prediction estimates are represented by the colored dots. The black dots
indicate the mean of these the cross-validated R2, and the diamond shaped symbols indicate the prediction
estimates obtained from the original regression models using the full sample. See the online article for the color
version of this figure.
Table 3
Results From Multiple Regression Analyses: Cognitive and Personality/Motivation Composites Predicting Genome-Wide
Polygenic Scores
Predictor
Model 1: EduYears GPS Model 2: Neuroticism GPS Model 3: Well-being GPS
	 SE p 	 SE p 	 SE p
General cognitive ability .252 .024 7.54  1025 .079 .023 5.56  104 .045 .024 .058
Academic Motivation .071 .026 .007 .042 .026 .102 .045 .027 .093
Openness .041 .029 .158 .010 .030 .734 .020 .031 .506
Conscientiousness .059 .027 .032 .013 .027 .627 .012 .028 .668
Agreeableness .115 .031 1.71  104 .066 .031 .038 .019 .034 .570
Neuroticism .041 .027 .120 .095 .028 6.05  104 .096 .030 1.37  103
Extraversion .009 .025 .719 .030 .024 .213 
.001 .026 .997
Note. Beta coefficients, standard errors, and p values are presented for each of the predictors in the regression models.
 p 
 .05. ‘’  8.72  104 (p value threshold for significance after correction for multiple testing). Results that reached significance after correction
for multiple testing are set in bold.
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amount of covariance between Neuroticism and GCSE grades
(5%, p  1.92  104; Figure 3; Table 4). No significant cova-
riance was explained by the Well-being GPS.
Discussion
Summary of Findings
Our results show that a genome-wide polygenic score (GPS) for
educational attainment predicts a number of personality and mo-
tivation domains, including Agreeableness, Openness, Conscien-
tiousness, and Academic Motivation. We find that the educational
attainment GPS (EduYears) is more predictive of Academic Mo-
tivation, Openness, and Agreeableness than personality GPS them-
selves, and that EduYears GPS explains between 8% and 16% of
the covariance between personality and motivation domains and
educational achievement at age 16. These findings suggest that
DNA variants contributing to educational attainment are also im-
portant predictors of personality and motivation.
Much of the previous research using EduYears GPS has focused
on its relation with cognitive traits, such as general cognitive
ability and educational outcomes (Belsky et al., 2018; Lee et al.,
2018; Okbay, Beauchamp, et al., 2016; Rietveld et al., 2013;
Selzam, Dale, et al., 2017; Selzam, Krapohl, et al., 2017). In
contrast, our findings demonstrate the broad, multifaceted nature
of EduYears GPS, which is also associated with a variety of
personality and motivation traits. Indeed, we show that EduYears
GPS significantly predicts four out of six personality and motiva-
tion domains: Academic Motivation, Openness, Conscientious-
ness, and Agreeableness, explaining between 0.6% and 2.9% of
the variance. Our formal comparisons show that for Academic
Motivation and Openness, EduYears GPS was a better predictor
than the neuroticism and well-being GPS, as well as for Agree-
ableness in comparison to the neuroticism GPS. In predicting
Neuroticism and Extraversion, EduYears GPS achieves compara-
ble effect sizes to the neuroticism and well-being GPS. Our sen-
sitivity analyses showed that the larger prediction estimates for
EduYears GPS are not a function of the larger GWA study sample
Figure 3. Standardized path estimates for the association between GCSE (General Certificate of Secondary
Education) grades and personality/motivation domains, and the proportion of these associations accounted for by
EduYears GPS (genome-wide polygenic scores) (A) Neuroticism GPS (B), and Well-being GPS (C). Error bars
represent robust standard errors. Path estimates presented are estimated based on maximum likelihood (see Table
4 for all path estimates). ‘’  p value threshold for significance after correction for multiple testing (8.72 
104). See the online article for the color version of this figure.
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size in comparison with the neuroticism and well-being GWA
study, as a GPS for EduYears based on the 2016 GWA study with
a comparably large sample produced almost identical results.
We find that even once we accounted for general cognitive
ability, EduYears GPS still predicted significant variance in Agree-
ableness (0.6%), Openness (0.4%), Academic Motivation (0.7%),
and GCSE results (6.1%). Correcting for general cognitive ability
substantially attenuated associations between the personality traits
and EduYears GPS (74%), compared with neuroticism GPS
(43%), and even less for the well-being GPS (5%). Attenuation
patterns are also mirrored in the multiple regression analyses. We
found that general cognitive ability remains a significant predictor
for EduYears GPS and neuroticism GPS but not the well-being
GPS when controlling for all personality measures, and the beta
effect sizes are larger for the prediction of EduYears than for the
neuroticism GPS. One likely explanation for this finding is that the
GWA study on years of education tags more general cognitive
ability related variants than the neuroticism and well-being GWA
study. Therefore, statistically controlling for general cognitive
ability in the prediction of personality traits would have a greater
impact on EduYears GPS compared with either neuroticism or
well-being GPS. The finding that EduYears GPS is correlated with
personality and motivation traits, even after accounting for general
cognitive ability is particularly interesting for two reasons. First, it
shows that a polygenic score for years of education not only tags
genetic variance associated with its target trait, but also many other
traits that contribute to how long a person stays in education. And
second, it illustrates that staying in education depends on more
than just intelligence; many cognitive and noncognitive genetically
influenced traits contribute to educational attainment.
In addition to showing that EduYears GPS explains significant
variance in personality and motivation domains, we also show that
it explains between 8% and 16% of the associations between
personality and motivation domains and educational achievement
at age 16. In contrast, the well-being GPS did not significantly
account for any covariance between these traits and GCSE results,
and the neuroticism GPS accounted for a significant amount of
variance only in Neuroticism (5%). As previously mentioned, a
possible explanation for this finding is that GWA studies per-
formed on personality traits may tag variants specific to the target
trait, rather than capturing trait-related variants that also contribute
to the development of skills important for educational achieve-
ment. In contrast, a GWA study performed on educational attain-
ment is likely to capture genetic variants that are important con-
tributors to many down-stream educationally relevant traits. For
example, if motivation is a genetically influenced trait and an
important factor for higher educational attainment, a GWA study
on years of education will indirectly capture some of the genetic
effects relating to motivation if individuals with higher motivation
levels are likely to stay in education for longer on average. Another
possible mechanism to explain these associations may be that
passive rGE is more pronounced for educational attainment than
for neuroticism and well-being. It has been shown that nontrans-
mitted genetic variants related to educational attainment in parents
predict their children’s educational achievement, in addition to
their children’s inherited genetic propensities for educational at-
Table 4
Path Estimates and Standard Errors
Predictor Parameter
EduYears GPS Neuroticism GPS Well-being GPS
	 Robust SE 	 Robust SE 	 Robust SE
Academic Motivation composite GPS effect .051 .008 .005 .002 
.001 
.001
Resid cor .371 .019 .418 .020 .424 .020
Total effect .422 .020 .424 .020 .424 .020
Proportion .122 .017 .013 .005 
.001 
.001
Openness composite GPS effect .046 .008 .004 .002 
.001 
.001
Resid cor .284 .017 .328 .019 .332 .019
Total effect .331 .018 .333 .019 .232 .019
Proportion .139 .021 .013 .006 
.001 
.001
Neuroticism composite GPS effect .012 .005 .006 .002 .001 .001
Resid cor .112 .012 .118 .013 .123 .013
Total effect .125 .013 .125 .013 .123 .013
Proportion .099 .036 .050 .013 .011 .008
Conscientiousness composite GPS effect .024 .009 .004 .002 .001 .001
Resid cor .283 .029 .303 .019 .306 .020
Total effect .306 .031 .307 .020 .306 .020
Proportion .077 .023 .013 .007 .004 .004
Agreeableness composite GPS effect .032 .005 .002 .001 
.001 
.001
Resid cor .174 .012 .204 .013 .205 .013
Total effect .206 .013 .206 .013 .205 .013
Proportion .156 .022 .008 .005 .003 .003
Extraversion GPS effect .016 .007 .004 .002 
.001 
.001
Resid cor .041 .017 .054 .019 .058 .019
Total effect .057 .018 .058 .019 .058 .019
Proportion .278 .116 .076 .038 .004 .012
Note. GPS effect  effect of the genome-wide polygenic score (GPS) on both traits; Resid cor  residual correlation between phenotypes after mutually
adjusting for the effects of the GPS; Total effect  effect accounted for by the model (resid cor  GPS effect); Proportion  the proportion of the total
effect that is accounted for by the GPS effect (GPS effect/total effect). Statistically significant proportions of variance explained are in bold.
 p 
 .05. ‘’  8.72  104 (p value threshold for significance after correction for multiple testing).
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tainment (Kong et al., 2018). This finding points toward a source
of passive rGE, where parents provide a family environment based
on their own genetics, which in turn contributes to their children’s
development, even if they do not share these same genetic markers
with their parents. A GWA study on educational attainment might
therefore pick up on both the direct effects between the individu-
als’ genetic markers and their educational attainment, and also the
effects of the family environment that covaries with their parental
nontransmitted genotypes. Therefore, part of the associations we
find could be reflecting passive rGE.
Overall, our results demonstrate the substantial genetic pleiot-
ropy (i.e., one DNA marker affects several traits) across educa-
tional achievement and educationally relevant traits, although it is
not possible to distinguish between biological pleiotropy (i.e., one
DNA marker directly affects several traits) and mediated pleiot-
ropy (i.e., one DNA marker directly affects one trait, which then in
turn affects another trait) (Solovieff et al., 2013). The findings of
this study support previous twin research, showing that between
8% and 37% of the covariance between personality traits and
GCSE results is explained by shared genetic factors (Krapohl et
al., 2014). Although the difference between the magnitudes of
effect sizes from GPS and twin method results seem large, the GPS
effect sizes are substantial given the limitations of the polygenic
score method. In contrast to the twin method, which captures all
types of genetic variation, GPS results are based on common DNA
markers only. Furthermore, the predictive power of polygenic
scores is directly related to the power of GWA studies to detect the
small SNP effect sizes to begin with, which is one of the main
difficulties faced in genetic research (Cesarini & Visscher, 2017).
Because of a lack of statistical power attributed to sample size and
other factors, such as genotyping error or measurement error of the
target phenotype, effect size estimates of specific SNPs include
measurement error (Dudbridge, 2003; McCarthy et al., 2008; Van
Der Sluis, Verhage, Posthuma, & Dolan, 2010). Therefore, these
estimates are not entirely representative of the true genetic effect,
contributing to a downward bias of the GPS prediction.
Limitations
Despite the broad range of phenotypes used within the present
study, there were limitations to our measures. The first limitation
concerns our personality dimension reduction analysis. Although
the five dimensions that emerged from this analysis were closely
aligned with the literature on personality, instead of a fifth factor
for Extraversion, we found a factor tapping into motivation. There
are two reasons for this finding. First, the measures captured by the
Academic Motivation dimension are not typically included within
factor analysis of personality dimensions. These measures, (e.g.,
academic self-concept, self-efficacy and attitudes toward subjects)
correlate with the Conscientiousness dimension (r  0.18–0.47),
as would be expected given its underlying facets of productivity
and self-discipline; however, most of the variance is left unex-
plained. Second, the underlying facets of Extraversion (e.g., gre-
garious, excitement seeking, and warmth) were not well covered
within our measures. For these reasons, it is not surprising that a
separate factor of Extraversion did not emerge. Therefore, we
excluded Extraversion from the factor analysis and used this
measure by itself in an effort to maintain consistency with the
wealth of existing literature describing the distinct factor structure
of personality that includes Extraversion.
The second limitation with our measures was missing data.
Because not everyone in our study completed all of the personality
and motivation measures, there were missing data for each of our
broad dimensions. To make sure that this did not affect the
representativeness of the sample, we compared those with missing
and nonmissing data on socioeconomic status, general cognitive
ability and achievement at age 16. We found that missingness
accounted for 1% to 2.6% of the variance in these outcome
variables, suggesting that those with missing and nonmissing data
were not substantially different on these traits.
Another limitation was that we did not have access to parental
DNA. This meant that we were unable to test the effect of non-
transmitted alleles that are related to years of education, neuroti-
cism and well-being on offspring personality measures. This
would make it possible to estimate the extent to which the asso-
ciations between the three GPS and the personality domains are
influenced by passive rGE. We were also not able to estimate
potential effects of active or evocative rGE, which are difficult to
investigate because of the lack of adequate measures of the envi-
ronment.
A final limitation concerns a potential overfit to our data.
Especially in GPS analyses where parameters for GPS construc-
tion are often chosen based on the best prediction of the outcome,
prediction estimates can be inflated because of this optimization.
To reduce the chance of overfit, we applied a threshold of 1 to the
GPS construction, meaning that all genetic variants are retained
(albeit adjusted due to linkage disequilibrium in the sample and the
SNP-heritability of the trait). In a further attempt to validate our
prediction estimates, we performed internal validation via repeated
cross-validation as we had no access to external, independent data.
We found that the more stable estimates obtained from repeated
cross-validation were largely consistent with our prediction esti-
mates, therefore indicating that our findings were comparably
robust.
Conclusion
Despite the limitations to this study, it is the most comprehen-
sive study to date investigating the link between EduYears GPS
and personality traits. Our findings highlight the pleiotropic nature
of the EduYears GPS and illustrate that, at a genetic level, staying
in education is associated with a multitude of different traits—
personality, motivation, and intelligence. Although the predictions
from polygenic scores are relatively small for personality measures
(between 0.6% and 2.9%), this study goes some way in starting to
unpack the genetic architecture of educational achievement and
associated traits, beyond what we have learnt from twin studies. As
GPS prediction improves thanks to the increasing sample sizes of
GWA studies and methodological advances, GPS will become
more powerful for prediction of education-related measures.
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Abstract
It has recently been proposed that a single dimension, called the p factor, can capture a person’s liability to mental
disorder. Relevant to the p hypothesis, recent genetic research has found surprisingly high genetic correlations
between pairs of psychiatric disorders. Here, for the first time, we compare genetic correlations from different methods
and examine their support for a genetic p factor. We tested the hypothesis of a genetic p factor by applying principal
component analysis to matrices of genetic correlations between major psychiatric disorders estimated by three
methods—family study, genome-wide complex trait analysis, and linkage-disequilibrium score regression—and on a
matrix of polygenic score correlations constructed for each individual in a UK-representative sample of 7 026 unrelated
individuals. All disorders loaded positively on a first unrotated principal component, which accounted for 57, 43, 35,
and 22% of the variance respectively for the four methods. Our results showed that all four methods provided strong
support for a genetic p factor that represents the pinnacle of the hierarchical genetic architecture of psychopathology.
Introduction
High comorbidity rates among psychiatric disorders1
have led to research investigating higher-order dimen-
sions for psychopathology, including Internalizing (e.g.,
Anxiety and Depression), Externalizing (e.g., Hyper-
activity and Conduct Disorder), and Psychotic Experi-
ences (e.g., Schizophrenia and Bipolar Disorder)2.
However, these higher-order dimensions also correlate
with each other3, which suggests the possible existence of
a general factor of psychopathology4. This general factor
has been called the p factor5 as it captures the shared
variance across psychiatric symptoms, and predicts a
multitude of poor outcomes and general life
impairment6,7.
Family studies support the hypothesis of a genetic p
factor in that genetic influences on psychopathology
appear to be general across disorders rather than specific
to each disorder. For example, psychiatric disorders do
not breed true—parental psychopathology predicts off-
spring psychiatric disorders but with little specificity8.
Family research has found substantial genetic correlations
between pairs of disorders, such as Major Depression and
Generalized Anxiety Disorder9 and Schizophrenia and
Bipolar Disorder10. Genetic overlap between internalizing
and externalizing higher-order constructs has also been
noted11, consistent with the hypothesis of a general p
factor. The culmination of this research is a recent study
of more than 3 million full and half-siblings using Swedish
national register data that found evidence for a general
genetic factor that pervades eight major psychiatric dis-
orders as well as convictions for violent crimes12.
Although genetic correlations were not presented, the
average loading was 0.45 on a general genetic factor.
Genomic research also supports the hypothesis of a
genetic p factor. The first hint came from genome-wide
association (GWA) findings that single- nucleotide poly-
morphisms (SNPs) found to be associated with Schizo-
phrenia were also associated with bipolar disorder13. In
2013, genetic correlations were first estimated from linear
mixed model analyses (genome-wide complex trait
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analysis, GCTA) of individual genotype data for five
psychiatric disorders in the Psychiatric Genomics Con-
sortium (PGC)14. Schizophrenia, Bipolar Disorder and
Major Depressive Disorder yielded the highest genetic
intercorrelations (average= 0.53); the average genetic
correlation among the five disorders, including Autistic
Spectrum Disorder and Attention-Deficit/Hyperactivity
Disorder, was 0.22.
Linkage-Disequilibrium Score Regression (LDSC)15 has
made it possible to estimate genetic correlations from
GWA summary statistics rather than requiring genotype
data for individuals. This method is based on correlations
in effect sizes across disorders taking into account linkage
disequilibrium and the SNP heritabilities of the disorders.
LDSC genetic correlations derived from summary GWA
statistics for the same five PGC disorders are remarkably
similar to the GCTA genetic correlations described above
that used individual genotype data16. A recent LDSC
analysis of eight psychiatric disorders again showed con-
siderable correlations between Schizophrenia, Bipolar
Disorder and Major Depressive Disorder (average= 0.41),
and yielded an average genetic correlation of 0.2117,
highlighting the relevance of testing the hypothesis of a
genetic p factor.
Another approach that has not yet been systematically
applied to test for a genetic p is to correlate genome-wide
polygenic scores (GPS), although some GPS correlations
between pairs of psychiatric disorders have been repor-
ted18. A GPS for a disorder is created for an individual by
summing the count of alleles shown in GWA studies to be
associated with the disorder, after weighting the alleles by
the strength of their association19. The previously
described PGC dataset was used to create polygenic
scores for each of the five disorders13, and polygenic
scores for Schizophrenia, Bipolar Disorder and Major
Depressive Disorder predicted liability variance in the
other disorders, again suggesting genetic overlap. How-
ever, as new GWA studies have been published since for
Schizophrenia, Attention-Deficit/Hyperactivity Disorder
and Autism Spectrum Disorder with considerably
increased sample sizes, replication is needed. GPS corre-
lations between disorders are related to genetic correla-
tions, but differ from the genetic correlations estimated
from other methods because they index both the rela-
tionship between individual-specific genetic effects for
traits in the population and genetic effects derived from
an independent analysis. Nonetheless, GPS correlations
provide another opportunity to test the hypothesis of a
genetic p factor.
Based on the overwhelming evidence that favors a
general p factor, we test whether a general p factor also
emerges from genomic data. In the present study, we
bring together genetic correlations for major psychiatric
disorders derived from four genetic methods (family,
GCTA, LDSC and GPS). We applied principal component
analysis to correlation matrices derived from these four
methods and estimate the amount of genetic variance
explained by a genetic p factor. For the GPS approach, we
constructed GPS for eight psychiatric disorders for each
individual in a sample of 7 026 unrelated individuals from
the Twins Early Development Study (TEDS)20.
Our hypothesis was that a general genetic factor would
emerge from factor analyses of correlations derived from
each of the four genetic methods. We also investigated the
extent to which all disorders load on this general factor
and the magnitude of their loadings.
Methods
Sample
This study included 7 026 unrelated (i.e., one member per
twin pair), genotyped individuals from TEDS, a longitudinal
birth cohort that recruited over 1 5000 twin pairs between
1994–1996 who were born in England or Wales. Despite
some attrition, the remaining cohort, as well as the geno-
typed subsample have been shown to represent the UK
population20,21. Written informed consent was obtained
from parents. Project approval was granted by King’s Col-
lege London’s ethics committee for the Institute of Psy-
chiatry, Psychology and Neuroscience (05.Q0706/228).
GPS calculation and GPS correlations
To obtain individual-specific genetic measures for psy-
chiatric traits, we created eight GPS in our independent
sample of 7026 individuals based on publicly available
GWA summary statistics from the PGC: Schizophrenia,
Bipolar Disorder, Major Depressive Disorder, Autism
Spectrum Disorder, Attention-Deficit/Hyperactivity Dis-
order, Obsessive-Compulsive Disorder, Anorexia Nervosa,
Post-Traumatic Stress Disorder (Supplementary Table S1).
Following quality control and imputation (see Supplemen-
tary Methods S1 for details), genotypic data included 515
100 genotyped or imputed SNPs (info= 1). To calculate
polygenic scores, we used a Bayesian approach, LDpred22,
which modifies the summary statistic coefficients based on
information on linkage disequilibrium (LD) and a prior on
the effect size of each SNP. The final GPS is obtained as the
sum of the trait-increasing alleles (each variant coded as 0, 1
or 2), weighted by the posterior effect size estimates. For our
analyses, we used a prior that assumes a fraction of causal
markers of 1 (for more information, see Supplementary
Methods S2). All polygenic scores were adjusted for the first
ten principal components of the genotype data, and chip,
batch and plate effects using the regression method. The
resulting standardized residuals were used for subsequent
analyses.
In the TEDS sample, we created polygenic scores for the
eight psychopathology traits. These scores followed a
normal distribution and were used to generate a
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correlation matrix for these eight polygenic scores for use
in subsequent analyses.
Genetic correlations based on LDSC
LDSC is a method used to estimate SNP-heritability
(SNP−h2) based on GWA summary statistics only, and
relies on the principle that the presence of LD in the study
sample is correlated with the upward bias of GWA test
statistics15. Cross-trait LDSC16 is an extension of this
method and makes it possible to estimate the genetic
relationship between two traits. For each SNP, this method
establishes the covariance of the test statistics for trait x
and trait y, and regresses this value on the LD score of that
SNP (i.e., the sum of the squared correlations of the SNP
with its surrounding SNPs), whereby the slope represents
the genetic covariance. The genetic correlation is obtained
by standardizing the covariance by the SNP-h2 for both




hy2Þ. We applied cross-trait LDSC
analysis on the same eight PGC summary statistics used
for polygenic score creation to generate a genetic corre-
lation matrix for further analysis. (For univariate SNP-h2
results using LDSC, see Supplementary Table S2.)
Genetic correlations based on GCTA
In addition to GPS and LDSC analysis, we also obtained
genetic correlation matrices through cross-sample
bivariate GCTA based on genome-wide relatedness
maximum likelihood23. Unlike LDSC, which uses GWA
summary statistics, bivariate GCTA requires individual-
level genotype data of unrelated individuals to estimate
genetic correlations, implementing linear mixed model
analysis. Cross-sample GCTA is an extension to bivariate
GCTA24 and makes it possible to calculate genetic cor-
relation estimates without requiring overlapping pheno-
typic information between samples. Rather, it compares
genetic similarity between individuals that have the same
disease status (case, control) for different disorders. For
example, if cases of one disorder are genetically more
similar to cases of a different disorder than to the
respective controls, a positive genetic correlation can be
inferred. For this study, we used published cross-sample
GCTA genetic correlations14, which included five psy-
chiatric disorders: Schizophrenia, Bipolar Disorder, Major
Depressive Disorder, Autism Spectrum Disorder, and
Attention-Deficit/Hyperactivity Disorder. (For univariate
SNP-h2 estimates, see Supplementary Table S3.)
Genetic correlations based on family data
Finally, we used genetic correlations based on quanti-
tative genetic analysis comparing 3 475 122 Swedish full-
siblings and half-siblings, who are genetically similar 50
and 25%, respectively, for additive genetic effects. This
family study represents a very different methodology as
compared to the other methods. Rather than using direct
estimates based on DNA differences, it uses indirect
estimates based on the relative resemblance of full siblings
and half siblings. Because this family study, the only one
of its kind, is so different from the other methods, it is
especially valuable to compare its genetic correlations to
those from the other three methods. The genetic corre-
lations were not included in the original publication12 but
were kindly prepared and shared by the lead author, Erik
Pettersson of the Karolinska Institute. The analysis
included seven psychopathology traits (Schizophrenia,
Bipolar Disorder, Attention-Deficit/Hyperactivity Dis-
order, Major Depressive Disorder, Anxiety, Alcohol use
Disorder and Drug Abuse), as well as convictions for
Violent Crimes. Schizoaffective disorder was redundant
with Schizophrenia (genetic correlation= 0.99) and thus
omitted here (Supplementary Figure S1).
Statistical analyses
Principal component analysis
To test the hypothesis that a general genetic p factor
emerges from the genetic relationships among psycho-
pathology traits, we performed eigenvalue decomposition
through principal component analysis (PCA), which aims to
maximize variation of the first principal component25. We
applied PCA to genetic correlation matrices derived from
family analysis (8 × 8 matrix), GCTA (5 × 5 matrix), LDSC
(8 × 8 matrix), and GPS (8 × 8 matrix) to estimate the
loadings of each psychiatric trait on this component and the
variance explained by the first principal component.
We also tested the statistical significance of the factor
loadings, which represent correlations between the ori-
ginal standardized variables and the factors. By calculating
the t-statistic of the correlation coefficients, we were able
to derive empirical p-values based on the t-statistic dis-
tribution with n−2 degrees of freedom26. Significance
testing was applied only to family and GPS loadings
because we were unable to obtain degrees of freedom for
GCTA and LDSC data, which is required for the calcu-
lation of t. All tests were two-tailed and a significance
level of α= 0.05 was accepted as statistically significant. In
addition to testing statistical significance, we calculated
the proportion of factor loadings with a magnitude of ≥|
0.30|. This value is a commonly used threshold in the
factor analysis literature, as it indicates that the factor
explains ~10% of the variance in the measure27, therefore
substantially contributing to the factor.
The decision of how many components to retain for
rotation was based on three criteria: (i) the Kaiser criter-
ion28 of eigenvalue λ > 1; (ii) parallel analysis29, and (iii)
scree plot inspection30 (for a more detailed description, see
Supplementary Methods S3). To improve interpretability of
the extracted components, we performed oblique rotation
using the Oblimin method. We chose this approach, which
permits factors to be correlated, because previous work
Selzam et al. Translational Psychiatry  (2018) 8:205 Page 3 of 9
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using phenotypic data showed considerable associations
between latent psychopathology dimensions3,5.
Analyses were performed in the open-source software
R31, using the hornpa32 package to perform parallel ana-
lysis, the psych33 package to conduct PCA (using the
‘principal’ function), and the GPArotation34 package to
apply oblique rotation. Analysis scripts are available from
the first author upon request.
Results
Genetic correlations
Figure 1 presents the genetic correlations from family
analysis, GCTA and LDSC, and the correlations from GPS
analysis. The average genetic correlations were 0.49 for
family analysis, 0.22 for GCTA and 0.24 for LDSC, indi-
cating general genetic overlap among psychiatric
disorders. The average GPS correlation was lower (0.09),
as expected. However, correlations for all four genetic
approaches clustered in a strikingly similar way. Most
notably, the average genetic correlations between Schizo-
phrenia, Bipolar and Depression were consistently the
largest in magnitude −0.67 for family analysis, 0.53 for
GCTA, 0.47 for LDSC, and 0.19 for GPS. High genetic
correlations were not driven by larger heritability estimates
for these traits in comparison to the other disorders (see
Supplementary Tables S2 and S3 for SNP-h2 estimates).
Principal component analysis
PCA provided converging evidence for a general psy-
chopathology factor. Figure 2 shows that all four corre-
lation matrices yielded first unrotated principal
components with larger eigenvalues than the subsequent
Fig. 1 Genetic correlations from family analysis (a), Genome-wide Complex Trait Analysis (b), Linkage-Disequilibrium Score Regression (c) and
Genome-wide Polygenic Score (d) analysis. Values represent genetic correlations for (a), (b) and (c) and Pearson’s correlation coefficients for (d). SCZ
Schizophrenia, BIP Bipolar Disorder, MDD Major Depressive Disorder, ASD Autism Spectrum Disorder, ADHD Attention-Deficit/Hyperactivity Disorder,
ANX Anxiety, OCD Obsessive-Compulsive Disorder, AN Anorexia Nervosa, PTSD Post-Traumatic Stress Disorder; Drug=Drug Abuse; Alcohol= Alcohol
Abuse; Crime= Convictions of Violent Crimes
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components. The first principal component accounted for
57, 43, 35 and 22% in family, GCTA, LDSC and GPS data,
respectively. (For proportion of variance explained by the
other unrotated principal components, see Supplemen-
tary Table S4.)
Figure 3 shows first unrotated principal component
loadings of all psychopathological traits for the four
genetic methods. The loadings on the first unrotated
principal component mirrored the genetic correlations
(Fig. 1): the average loadings were 0.75 for family data,
0.58 for GCTA, 0.57 for LDSC and 0.44 for GPS. We were
able to test the statistical significance of loadings in family
and GPS analyses, and found that all traits significantly
loaded on the first unrotated principal component (all p-
values ≤ 1.65 × 10−41), even though the GPS data showed
some of the lowest loadings. When we applied the con-
ventional threshold of ≥|0.30|, we found that most of the
loadings met this threshold: 100% of the disorders in
family data, 80% in GCTA data, 88% in LDSC data, and
75% in GPS data. The variation in factor loadings across
the four methods can be explained by the inclusion of
different disorders, as average loadings for the disorders in
common were highly similar (family= 0.70; GCTA=
0.69; LDSC= 0.66; GPS= 0.53).
Schizophrenia, Bipolar, and Depression consistently had
the highest loadings on the first unrotated principal
component across all genetic approaches with the
exception of the GPS method, where Bipolar was not
amongst the highest loading disorders.
Sensitivity analyses using LDSC and GPS data
To test whether GPS results changed when applying a
different prior as part of the GPS calculation, we re-ran
PCA using GPS based on the fraction of causal markers of
0.10. Results were almost identical (see Supplementary
Table S5).
Furthermore, it is possible that low GPS loadings were
attributable to insufficient statistical power, rather than a
lack of true effects. Therefore, we re-ran PCAs using
LDSC and GPS data based on superceded GWA study
summary statistics with smaller sample sizes, where pos-
sible (see Supplementary Table S6 for sample informa-
tion). Although we found a slight reduction in the
variance explained by the first principal component in
LDSC data (34 vs 35%), the effect was more pronounced
in the GPS data (19 vs 22%). Additionally, average GPS
loadings on the first principal component decreased from
0.44 to 0.37, and only 50% of the disorder GPS met the
loading threshold of ≥|0.30| . These analyses suggest that
as GWA study sample sizes increase, the magnitude of
factor loading effect sizes on a genetic p factor will
approach those derived from family studies.
Factor rotation solutions
Based on the criteria described in the Methods section,
we retained two principal components for rotation for
family, GCTA and GPS data, and three principal com-
ponents for LDSC data (for more details, see Supple-
mentary Table S4). However, to improve comparability of
the rotated factor solutions across the four genetic
methods, we kept two principal components for the LDSC
data. Results of the rotation of three components for
LDSC data can be found in Supplementary Table S7.
Figure 4 lists the loadings for the first two rotated fac-
tors after performing oblique rotation. Rotated factor
loadings for all methods (family, GCTA, LDSC, GPS)
show that Schizophrenia and Bipolar Disorder con-
sistently load highly onto the same factor, together with
Depression in the family and GCTA data. This is expected
from the higher genetic intercorrelations between these
traits for all methods (Fig. 1). For the remaining psy-
chiatric traits, results were less consistent when compar-
ing family data to genomic data (GCTA, LDSC, GPS). In
part, this reflects the traits included—most notably, a
Drug Abuse/Crime factor emerged from the family data
because, unlike the other datasets, Drug Abuse, Alcohol
Abuse and Violent Crime were included and created the
first rotated factor. Anxiety also contributed to both
Fig. 2 Scree plot showing eigenvalues for each principal component
after performing PCA on correlation matrices for four genetically
sensitive methods: family analysis, Genome-wide Complex Trait
Analysis (GCTA), Linkage-Disequilibrium Score Regression (LDSC) and
Genome-wide Polygenic Scoring (GPS). The dashed line represents
the cut-off for principal component retention based on the Kaiser’s λ
> 1 criterion28
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rotated factors. For the LDSC and GPS method, which are
based on the most powerful GWA studies, the second
factor primarily included Depression, Attention-Deficit/
Hyperactivity Disorder, Autism and Post-Traumatic
Stress Disorder. Correlations between the first and sec-
ond oblique rotated factors were 0.45 for family data, 0.08
for GCTA data, 0.14 for LDSC data and 0.10 for GPS data.
Discussion
These results provide genetic support for p, a general
factor of psychopathology that represents a single, con-
tinuous genetic dimension of the psychiatric spectrum.
The four methods used to estimate genetic correlations
differ substantially: quantitative genetic analysis of siblings
and half-siblings12, GCTA estimates based on SNP dif-
ferences between unrelated individuals14, LDSC analysis
based on GWA summary statistics, and GPS for indivi-
dual data presented in this paper. Nonetheless, each of the
principal component analyses from the four methods
yielded a general factor on which all disorders loaded,
explaining between 20 and 60% of the total variance.
Schizophrenia, Bipolar and Depression are the oldest
and most consistently diagnosed psychiatric disorders, yet
they are consistently among the highest- loading disorders
on this genetic p factor. This finding is unlikely to be due
to some artifact of genetic analysis because it was con-
sistent across different genetic methods applied to dif-
ferent samples.
It is difficult to draw general conclusions about the
other disorders that varied across the four genetic meth-
ods (Obsessive Compulsive Disorder, Anorexia, and Post-
Traumatic Stress Disorder, Anxiety, Drug Abuse, Alcohol
Abuse and Violent Crime). However, when any of these
disorders were included in a study, they consistently
contributed to a genetic p factor in the sense that they
loaded positively on the first unrotated principal
component.
Although the four genetic methods yielded similar
patterns of correlations and patterns of loadings on the
first unrotated principal component, they differed in the
magnitude of their estimates of correlations and loadings,
even when only considering the disorders in common (i.e.,
Schizophrenia, Bipolar, Depression, Autistic Spectrum
Disorder). In principle, genetic correlations calculated
through GCTA and LDSC should not differ substantially
from family study estimates. Even though univariate SNP-
h2 is generally lower than family-h2 because the SNP-h2
estimate does not include rare variants and nonadditive
effects, this downward bias influences both numerator
and denominator to equal extents when calculating





celling out the bias35. However, if the correlation between
causal SNPs is stronger for common variants than for rare
variants, the SNP genetic correlation estimate would be
higher than family study estimates, because only common
SNPs are included in the analysis16. Nevertheless, for the
disorders in common, family data produced higher aver-
age genetic correlations (0.49) than GCTA (0.34) and
LDSC (0.37). An alternative explanation involves differ-
ences in sample ascertainment and psychiatric diagnoses.
In most genomic studies, sampling strategies may select
‘pure’ cases and exclude cases with other co-occurring
conditions, and such ‘pure’ cases do not represent the
disordered population36. In contrast, family data used in
Fig. 3 Loadings of psychopathology traits on the first unrotated principal component for each of the four types of genetic data. GCTA Genome-wide
Complex Trait Analysis, LDSC Linkage-Disequilibrium Score Regression, GPS Genome-wide Polygenic Score, SCZ Schizophrenia, BIP Bipolar Disorder,
MDD Major Depressive Disorder, ASD Autism Spectrum Disorder, ADHD Attention-Deficit/Hyperactivity Disorder, ANX Anxiety, OCD Obsessive-
Compulsive Disorder, AN Anorexia Nervosa, PTSD Post-Traumatic Stress Disorder; Drug= Drug Abuse; Alcohol= Alcohol Abuse; Crime= Convictions
of Violent Crimes. *= reached statistical significance of p ≤ 1.65 × 10−41; it was only possible to test the statistical significance for the loadings relating
to GPS and family data (see Methods section for details)
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this study12 were based on a non-hierarchical approach to
classification, thus allowing for greater overlap among the
disorders.
GPS results, which are based on the most conceptually
distinct method, yielded the lowest overall correlations. A
GPS is the aggregation of all genetic effects found in an
independent GWA analysis in respect to an individual’s
genotype. Therefore, GPS correlations index the extent to
which the total variance of individuals’ GPS for one trait
covaries with GPS for other traits. Two possible reasons
why GPS correlations may be the lowest are that (i) in
addition to true effects, a GPS includes the measurement
error for all the SNPs tested across the genome in GWA
analysis and (ii) a GPS is generated using genotypes from
one cohort and effect sizes from a second, independent
cohort.
What causes this genetic p factor? The positive mani-
fold of the genetic p factor is agnostic about its causes.
There are several, equally plausible hypotheses for the
mechanisms that cause cross-disorder correlations37. One
possible pathway may be biological pleiotropy, where
DNA variants are causally involved in the development of
several traits related to psychopathology. An alternative
explanation is mediated pleiotropy, in which comorbidity
occurs because DNA variants increase risk for one dis-
order, and then this disorder causes other disorders in
Fig. 4 Rotated factor loadings for the four types of genetic data. RF rotated factor based on oblique (Oblimin) rotation, GCTA Genome-wide Complex
Trait Analysis, LDSC Linkage-Disequilibrium Score Regression, GPS Genome-wide Polygenic Score, SCZ Schizophrenia, BIP Bipolar Disorder, MDD Major
Depressive Disorder, ASD Autism Spectrum Disorder, ADHD Attention-Deficit/Hyperactivity Disorder, ANX Anxiety, OCD Obsessive-Compulsive
Disorder, AN Anorexia Nervosa, PTSD Post-Traumatic Stress Disorder; Drug= Drug Abuse; Alcohol= Alcohol Abuse; Crime= Convictions of Violent
Crimes
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turn. A third hypothesis is that DNA variants cause some
general impairment that forms the core of various dis-
orders, consequently producing genetic correlation
between specific diagnoses. That is, the thousands of
DNA variants associated with each symptom or disorder
might affect all personality and cognitive processes that
increase risk, thus providing many pathways to
psychopathology.
Although it is remarkable how much genetic variance is
explained by p, it does not explain all, or even most, of the
genetic variance. Assuming a hierarchical model with p at
the highest level6,7, broader psychiatric dimensions at a
middle level, and specific psychopathologies at the lowest
level, the question is how much genetic variance is
accounted for by the three levels. In the realm of cognitive
abilities, there continues to be debates about the nature of
the middle level38.
As compared to p, there is less clarity in our results
about the nature of the second level of the hierarchical
structure, as represented by the rotated factor solutions.
One rotated factor consistently includes Schizophrenia
and Bipolar Disorder. However, the other rotated factor is
less clear. For example, although Attention-Deficit/
Hyperactivity Disorder loads on the second factor, it
clusters positively with Depression and Autism Spectrum
Disorder in the LDSC and GPS results, positively with
Anxiety, substance abuse and Crime in the family results,
and negatively with Autistic Spectrum Disorder in the
GCTA and GPS results. It may be that the second level of
the hierarchical structure will remain unclear until ana-
lyses of this type begin to use a transdiagnostic approach,
that is, using symptoms to build a hierarchical model from
the ground up. As these data become available in the
future, we will be able test the genetic p factor model
more formally by contrasting it to alternative models.
Another issue for future research is the extent to which
the p factor is even more general than psychiatric dis-
orders. The same approach can be used to investigate the
genetic relationship between psychiatric disorders and
personality traits, cognitive traits, structural and func-
tional brain traits, medical and neurological disorders, and
physiological traits. However, here we chose to focus on
the extent to which a genetic p factor emerges from
genomic analyses of psychiatric disorders themselves.
As noted, our analyses are limited to the data that
currently exist, including the power of current GWA
studies and the disorders included in these studies. A
fundamental limitation is ‘missing heritability’, the gap
between SNP-h2 and family study heritability estimates.
We used the most recent publicly available GWA sum-
mary statistics, some of which are considerably under-
powered. This limitation most affects our GPS analysis,
which predicts genetic risk at the level of individuals. The
modest SNP-h2 and measurement error of the GWA
studies from which the GPS were derived are partly
responsible for the low correlations between the GPS.
More powerful GWA studies are in progress, and we are
optimistic that new GPS will have improved predictive
accuracy. More generally, GWA studies focused on phe-
notypic p should be able to capture genetic p to a greater
extent than trying to derive genetic p from GWA studies
of separate disorders that are sometimes diagnosed as
‘pure’ cases that exclude other diagnoses.
In conclusion, we report strong evidence for a genetic p
factor that represents a continuous, underlying dimension
of psychiatric risk using four distinct genetic methods. As
GWA studies continue to increase in sample size as well
as in the diversity of their target traits, our current results
suggest that a genetic p factor could be useful in psy-
chiatric research.
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Abstract
The parental feeding practices (PFPs) of excessive restriction of food intake (‘restriction’)
and pressure to increase food consumption (‘pressure’) have been argued to causally influ-
ence child weight in opposite directions (high restriction causing overweight; high pressure
causing underweight). However child weight could also ‘elicit’ PFPs. A novel approach is to
investigate gene-environment correlation between child genetic influences on BMI and
PFPs. Genome-wide polygenic scores (GPS) combining BMI-associated variants were cre-
ated for 10,346 children (including 3,320 DZ twin pairs) from the Twins Early Development
Study using results from an independent genome-wide association study meta-analysis.
Parental ‘restriction’ and ‘pressure’ were assessed using the Child Feeding Questionnaire.
Child BMI standard deviation scores (BMI-SDS) were calculated from children’s height and
weight at age 10. Linear regression and fixed family effect models were used to test
between- (n = 4,445 individuals) and within-family (n = 2,164 DZ pairs) associations
between the GPS and PFPs. In addition, we performed multivariate twin analyses (n =
4,375 twin pairs) to estimate the heritabilities of PFPs and the genetic correlations between
BMI-SDS and PFPs. The GPS was correlated with BMI-SDS (β = 0.20, p = 2.41x10-38).
Consistent with the gene-environment correlation hypothesis, child BMI GPS was positively
associated with ‘restriction’ (β = 0.05, p = 4.19x10-4), and negatively associated with ‘pres-
sure’ (β = -0.08, p = 2.70x10-7). These results remained consistent after controlling for
parental BMI, and after controlling for overall family contributions (within-family analyses).
Heritabilities for ‘restriction’ (43% [40–47%]) and ‘pressure’ (54% [50–59%]) were moder-
ate-to-high. Twin-based genetic correlations were moderate and positive between BMI-SDS
and ‘restriction’ (rA = 0.28 [0.23–0.32]), and substantial and negative between BMI-SDS and
‘pressure’ (rA = -0.48 [-0.52 - -0.44]. Results suggest that the degree to which parents limit
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to higher or lower BMI. These findings point to an evocative gene-environment correlation in
which heritable characteristics in the child elicit parental feeding behaviour.
Author summary
It is widely believed that parents influence their child’s BMI via certain feeding practices.
For example, rigid restriction has been argued to cause overweight, and pressuring to eat
to cause underweight. However, recent longitudinal research has not supported this
model. An alternative hypothesis is that child BMI, which has a strong genetic basis,
evokes parental feeding practices (‘gene-environment correlation’). To test this, we
applied two genetic methods in a large sample of 10-year-old children from the Twins
Early Development Study: a polygenic score analysis (DNA-based score of common
genetic variants associated with BMI in genome-wide meta-analyses), and a twin analysis
(comparing resemblance between identical and non-identical twin pairs). Polygenic
scores correlated positively with parental restriction of food intake (‘restriction’; β = 0.05,
p = 4.19x10-4), and negatively with parental pressure to increase food intake (‘pressure’; β
= -0.08, p = 2.70x10-7). Associations were unchanged after controlling for all genetic and
environmental effects shared within families. Results from twin analyses were consistent.
‘Restriction’ (43%) and ‘pressure’ (54%) were substantially heritable, and a positive genetic
correlation between child BMI and ‘restriction’ (rA = 0.28), and negative genetic correla-
tion between child BMI and ‘pressure’ (rA = -0.48) emerged. These findings challenge the
prevailing view that parental behaviours are the sole cause of child BMI by supporting an
alternate hypothesis that child BMI also causes parental feeding behaviour.
Introduction
The home and family environment has been studied for decades with the assumption that it is
a crucial determinant of children’s health and development. Since the onset of the childhood
obesity crisis at the turn of the century, the spotlight has turned onto environmental factors
associated with variation in adiposity, in the hope that modifiable elements may be identified
as intervention targets. Perhaps unsurprisingly, parental behaviours have received a great deal
of attention. Parents are widely considered to be the ‘gatekeepers’ to their children’s food, and
powerful shapers of their developing eating behaviour[1–3]. Two types of parental feeding
practices (PFPs) in particular have been hypothesised to play a causal role in children’s ability
to develop good self-regulation of food intake and consequently determine their weight. Exces-
sive restriction of the type and amount of food a child is allowed to eat (‘restriction’) has been
hypothesised to lead to overeating when parental restriction is no longer in place, because the
child will potentially then hanker after the foods he or she is not usually allowed to eat–the so-
called ‘forbidden fruit effect’[1,4,5]. On the other hand, overly pressuring a child to eat, or to
finish everything on the plate (‘pressure’), is thought to be anxiety-provoking for a child with a
poor appetite, and serves only to increase undereating further, and compromise weight gain
[6,7].
A wealth of cross-sectional findings are consistent with these hypotheses[8], but another
plausible explanation for the observed correlations is that parents are responding to their
child’s emerging characteristics, not simply causing them. Parents may only adopt restrictive
strategies when a child shows a tendency toward overeating, or gains excessive weight; and
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they may pressure their child to eat only if he or she is a poor eater, or has underweight. The
few longitudinal studies testing bidirectionality have shown that children’s weight prospec-
tively predicts PFPs[9–13]. Furthermore, three studies showed no prospective association
from PFPs to child weight[10], and the studies reporting bidirectional relationships found
stronger associations from child weight to parental behaviour than the reverse direction[9,11].
Although these findings point towards children’s weight eliciting PFPs, the possibility of resid-
ual confounding in observational studies hinders conclusions about causation–temporality
does not necessarily mean causality.
Testing whether children genuinely cause their parents’ behaviour presents challenges. It is
not possible–practically or ethically–to randomise children to have overweight or under-
weight, and examine how parents respond. Genetic approaches provide a powerful alternative
method of interrogating the role of children in causing their parents’ behaviour towards them,
especially for child characteristics with an established genetic basis. To date, no study has
applied genetically sensitive methods to test for gene-environment correlation in parental
feeding behaviour. Family and twin studies have shown that Body Mass Index (BMI), is highly
heritable in both adulthood and late childhood (~70%)[14–16]. Twin designs can also be used
to test if parental behaviour has a heritable component, by comparing within-pair resemblance
for identical and fraternal twin pairs in childhood. If found, this indicates that parental behav-
iour is explained to some extent by variation in children’s genotype–termed evocative gene-
environment correlation[17]. Twin designs can also be extended to the analysis of multiple
variables to establish if genetic influence on a particular child characteristic (e.g. weight) also
predicts the parental behaviour of interest (e.g. PFPs). If such analyses show that a child char-
acteristic is genetically correlated with parenting traits, it indicates that these child characteris-
tics influence parenting behaviours. A meta-analysis of 32 twin studies of different types of
parenting behaviour reported an average heritability estimate of 24%, indicating that children’s
genotype is predictive of a moderate amount of variation in parental behaviour[18].
Children’s DNA can also be used to test for gene-environment correlation. Genome-wide
meta-analyses have made great progress in identifying common single nucleotide polymor-
phisms (SNPs) that are associated with body mass index (BMI) in adults and children[19].
These can be combined to calculate a genome-wide polygenic score (GPS) that indexes indi-
vidual-specific propensity to higher or lower BMI, along a continuum, although in the aggre-
gate the GPS explains only a small proportion of variance in BMI (approximately 3%)[20].
Nevertheless, children’s BMI GPS can therefore be used to test the hypothesis that parents
develop their feeding practices specifically in response to their child’s weight, as indicated by a
correlation between child BMI GPS and PFPs. A caveat to this is that a parent’s feeding prac-
tices may reflect their own genetic predisposition to be of a higher or lower BMI, rather than
that of their children. In this way, a correlation between child BMI GPS and PFPs may simply
reflect a child’s genetic predisposition to be of a higher or lower BMI, which they inherit from
their parent with whom they share 50% of their DNA. In addition, genetic effects related to
adult BMI discovered in genome-wide association studies could potentially incorporate effects
of PFPs if they were to causally influence child BMI, and its trajectory into adulthood. How-
ever, within-family designs can circumvent both of these limitations to some extent. Studying
variation in PFPs according to variation in BMI GPS within non-identical co-twins accounts
for both genetic and environmental shared effects within families (e.g. parental genetic predis-
position to be of higher or lower BMI). By applying both quantitative and molecular genetic
methods, and utilising statistical approaches to account for shared family effects, we intended
to address the various limitations presented by the individual methods.
The goals of this study were to test for gene-environment correlation between children’s
BMI and PFPs, using a twin design and a BMI GPS. We hypothesised that: (i) children’s BMI
Gene-environment correlation in child feeding
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GPS would be positively associated with parental restriction and negatively associated with
parental pressure, even after accounting for shared genetic and environmental family influ-
ences; and (ii) parental restriction and parental pressure would be moderately heritable, and




Child BMI-SDS was significantly positively correlated with ‘restriction’ (β = 0.19, t(4004) =
12.09, p = 4.45x10-33, R2 = 0.035), such that parents were more restrictive over their child’s
food intake if the child had a higher BMI. In contrast, child BMI-SDS was significantly nega-
tively correlated with ‘pressure’ (β = -0.24, t(4058) = -15.59, p = 3.14x10-53, R2 = 0.056), such
that parents exerted higher amounts of pressure on their child to eat, if their child was leaner.
‘Restriction’ and ‘pressure’ were significantly positively correlated (β = 0.15, t(4207) = 9.51,
p = 3.08x10-21, R2 = 0.021), suggesting that parents who tend to exert higher levels of ‘restric-
tion’ also exert a more pressuring feeding style, to some extent.
Genome-wide polygenic score (GPS) analyses
In our sample of unrelated individuals, child BMI GPS was positively correlated with child
BMI-SDS (β = 0.20, t(4226) = 13.08, p = 2.41x10-38, R2 = 0.039). Mirroring phenotypic results
for child BMI-SDS, children’s BMI GPS was significantly positively correlated with ‘restriction’
(β = 0.05, t(4255) = 3.53, p = 4.19x10-4, R2 = 0.003), and significantly negatively correlated with
‘pressure’ (β = -0.08, t(4315) = -5.15, p = 2.70x10-7, R2 = 0.006) (Fig 1). These findings indicate
Fig 1. The associations between child BMI polygenic score and parental feeding practices. Child BMI GPS
predicting standardized measures of parental ‘restriction’ (β = 0.05, p = 4.19x10-4) and parental ‘pressure’ (β = -0.08,
p = 2.70x10-7) as indicated by the best-fit regression lines. The grey areas surrounding the best-fit lines represent
standard errors of the prediction estimates. The histogram depicts the BMI GPS normal distribution.
https://doi.org/10.1371/journal.pgen.1007757.g001
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that children’s genetic predisposition to higher BMI, elicits, to some extent, restrictive feeding
behaviours in the parent; whereas children’s genetic predisposition to lower BMI elicits greater
pressure to eat by parents.
Parental BMI correlated positively with child BMI-SDS (β = 0.26, t(3761) = 17.00,
p = 1.57x10-62, R2 = 0.071) and ‘restriction’ (β = 0.08, t(3711) = 4.64, p = 3.65x10-6, R2 = 0.005),
but was not significantly associated with ‘pressure’ (β = -0.03, t(3757) = -1.68, p = 0.09, R2<
0.001). The magnitude and direction of effects remained identical after controlling for parental
BMI in ‘restriction’ (β = 0.05, t(3711) = 2.92, p = 3.48x10-3, R2 = 0.003) and in ‘pressure’ (β =
-0.08, t(3757) = -4.62, p = 3.97x10-6, R2 = 0.005).
Within-family analysis
To establish the association between children’s BMI GPS and PFPs entirely without confound-
ing by genetic and environmental family factors shared by twin pairs, we performed family
fixed-effect analyses in dizygotic (DZ) co-twins. This analysis examined the extent to which
parents vary their ‘restriction’ and ‘pressure’ across twin pairs in response to differences in
their BMI GPS. As shown in Fig 2, beta coefficients for BMI GPS predicting PFPs remained
largely stable when comparing unrelated individuals (Model 1) and DZ twin pairs (Model 2).
For unrelated individuals (Model 1) child BMI-SDS significantly positively predicted ‘restric-
tion’ and significantly negatively predicted ‘pressure’, as previously reported. The magnitude
of the within-family estimates for the combined (same-sex and opposite-sex) DZ co-twins
(Model 2) were virtually the same as those for the unrelated individuals for the relationships
between BMI GPS and ‘restriction’ (t(2054) = 3.50, p = 7.10x10-3, Adj. R2model = 0.724) and
BMI GPS and ‘pressure’ (t(2103) = -4.82, p = 1.52x10-6, Adj. R2model = 0.641) (R
2magnitudes
for Model 2 are large because all shared factors among family members, including genetic and
environmental influences, are accounted for). These findings indicate that even when shared
family effects are completely accounted for, children’s BMI GPS is significantly associated with
PFPs, providing additional evidence that children’s genetic predisposition to BMI evokes cer-
tain parental feeding responses. When repeating Model 2 analyses separately for same-sex and
opposite-sex DZs, magnitudes of effect sizes (Fig 2) remained consistent for the prediction of
‘pressure’ in same-sex DZ pairs (t(1118) = -3.36, p = 8.02x10-4, Adj. R2model = 0.607) and oppo-
site-sex DZ pairs (t(984) = -3.49, p = 5.12x10-4, Adj. R2model = 0.678). Although BMI GPS in
opposite-sex DZs was a significant predictor of within-family differences in ‘restriction’ (t
(966) = 3.76, p = 1.82x10-4, Adj. R2model = 0.731), same-sex DZ data did not show a significant
within-family association (t(1087) = 1.21, p = 0.23, Adj. R2model = 0.719), indicating that within
a family environment, GPS differences in BMI between same-sex DZ twins are not related to
differences in parental ‘restriction’.
Twin analysis
We performed multivariate genetic analyses (a correlated factors model) to establish the heri-
tability of ‘restriction’ and ‘pressure’ and to test the extent to which genetic influence on child
BMI-SDS elicited PFPs as indicated by the magnitude of genetic correlations between BMI,
‘restriction’, and ‘pressure’. Fig 3 shows the variance components (A, C and E) for each mea-
sured phenotype, as well as the genetic, shared environmental and non-shared environmental
correlations between phenotypes derived from the correlated factors model (see Supplemen-
tary S1 Table for fit statistics and model comparisons, and Supplementary S2 Table for intra-
class correlations). Heritability estimates (A) were moderate to high for parental ‘restriction’
(43%, 95% CI [40%, 47%]) and parental ‘pressure’ (54%, 95% CI [50%, 59%]); heritability of
child BMI-SDS was high (78%, 95% CI [72%, 84%]). Consistent with the findings from the
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GPS analyses, there was a significant, positive moderately sized genetic correlation between
child BMI-SDS and parental ‘restriction’ (rA = 0.28, 95% CI [0.23, 0.32]), indicating that some
of the genetic effects that predispose a child to a higher BMI also elicit more food restriction by
their parent. A sizeable significant negative genetic correlation was observed between child
BMI-SDS and parental ‘pressure’ (rA = -0.48, 95% CI [-0.52, -0.44]), indicating that many of
the genetic effects that predispose a child to a lower BMI elicit greater parental pressure on the
child to eat.
Monozygotic (MZ) twin discordance analysis
As shown in the twin analyses (Fig 3 and Supplementary S3 Table), variation in child BMI-SDS
is partly caused by non-shared environmental influences, which correlate significantly with
non-shared environmental influences for ‘restriction’ (rE = 0.20) and ‘pressure’ (rE = -0.29).
We therefore performed MZ twin difference analyses to examine these relationships more
closely. In contrast to child BMI-SDS MZ difference scores, most twins did not differ in their
PFP (Supplementary S1 Fig). Nevertheless, we found that child BMI-SDS difference scores
Fig 2. Contrasting results from between-family analyses to results from within-family analyses.Model 1 describes results using BMI GPS of unrelated
individuals to predict PFPs, where βGPS indicates the change in the outcome trait per one standard deviation increase in the BMI GPS. Model 2 summarises results
using BMI genome-wide polygenic scores in a sample of DZ co-twins using a family fixed-effects model, where βGPS indicates the increase in PFPs within DZ
pairs, per one standard deviation increase in BMI GPS within DZ pairs. Model 2 analyses were performed using the combined DZ sample, and same-sex DZ pairs
and opposite-sex DZ pairs only. The dotted lines represent the beta coefficient estimates for Model 1. � = p<0.05; �� = p<0.01; ��� = p<0.001.
https://doi.org/10.1371/journal.pgen.1007757.g002
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predicted both differences in ‘restriction’ (β = 0.14, t(1484) = 7.98, p = 2.88x10-15, R2 = 0.041)
and ‘pressure’ (β = -0.25, t(1498) = -12.26, p = 5.12x10-33, R2 = 0.09). These findings suggest
that there are common non-shared environmental sources of variance for both PFP and child
BMI; within identical twin pairs who share 100% of their genetic and shared environmental
influence, parents apply more restrictive feeding practices on the twin with the higher BMI,
and more pressuring feeding practices on the twin with the lower BMI score.
Discussion
Summary of findings
We describe the first study to test for gene-environment correlation for parental feeding
behaviour in relation to child weight, using a twin design and children’s DNA. Results support
our hypothesis that parents’ feeding practices are evoked, in part, by their children. Parental
‘restriction’ and ‘pressure’ were positively and negatively associated with child BMI respec-
tively, in keeping with many previous cross-sectional studies[8]. We applied novel genetic
methods to show, for the first time, that children’s BMI GPS was significantly positively associ-
ated with ‘restriction’ and negatively associated with ‘pressure’, even after accounting for the
potentially confounding shared familial effects (both genetic and environmental). This
Fig 3. The correlated factors model. A correlated factors model (males and females combined) showing: (i) the
genetic (A), shared environmental (C) and non-shared environmental (E) influences on child BMI SDS, parental
restriction and pressure; and (ii) common genetic (rA), shared environmental (rC) and non-shared environmental (rE)
correlations between child BMI, and parental restriction and pressure. Grey arrows indicate non-significant
associations. Correlations including the 95% confidence intervals can be found in Supplementary S3 Table.
https://doi.org/10.1371/journal.pgen.1007757.g003
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suggests that children’s genetic influence on weight explains part of the observed phenotypic
associations. Our twin analysis provided quantitative estimates of the total variance in parental
feeding practices explained by children’s genotype. Heritability was substantial for both
‘restriction’ (43%) and ‘pressure’ (54%), indicating that children’s genes explain about half of
the variation in parental feeding behaviour. Multivariate twin analysis established the extent to
which parental feeding behaviour was determined by children’s genetic influence on BMI spe-
cifically. The genetic correlations between children’s BMI and both ‘restriction’ (rA = 0.28) and
pressure (rA = -0.48) were moderate, indicating overlap between the genes that influence
parental feeding behaviour and children’s BMI.
A potential confounder of the association between child GPS and parental feeding behav-
iour, was the parent’s own genetic propensity to a higher or lower BMI. Children inherit half
of each of their parents’ genetic material, so the expected correlation between a child’s GPS
with that of their parent’s is 0.50. A parent’s genetic predisposition to be of a higher or lower
BMI may also influence the way they feed their children, which could introduce a passive
(rather than ‘evocative’) gene-environment correlation. For example, a parent with a higher
BMI may be more restrictive over their child’s food intake, but their child also inherits their
parent’s susceptibility to be of a higher BMI. Restrictive feeding may therefore simply be a
marker for a child’s genetic predisposition to be of a higher BMI that is transmitted to them by
their parent, rather than a causal risk factor (the same could be true for a more pressuring feed-
ing style and lower BMI). In line with this, parental BMI (indexing parental GPS) was signifi-
cantly positively associated with parental restriction indicating that parents of a higher weight
exert greater restriction over their children’s food intake (β = 0.08); although the association
with parental pressure was not significant. Adjustment for parental BMI did not attenuate the
associations between child GPS and either restriction or pressure, suggesting it was not con-
founding the relationship between parental feeding behaviour and child BMI GPS. Neverthe-
less, adjustment for parental BMI cannot completely remove confounding from parental BMI,
nor can it account for the potential effect of longer-term BMI on parental feeding behaviours.
However, in order to rule out confounding by any parental characteristics (both genetic and
environmental), we took advantage of a family fixed-effect design, which held the effects of
family constant while testing the association between the child BMI GPS and parental feeding
practices in DZ co-twins. The within-family analysis allowed us to demonstrate that even after
accounting for all genetic and environmental familial effects, parents vary their feeding behav-
iour for each child depending on their GPS–larger GPS differences between pairs were associ-
ated with more pronounced differences in parental feeding behaviour. The magnitudes of the
between- and within-family associations between parental feeding behaviour and child GPS
were virtually the same, with the exception of the relationship between child GPS and ‘restric-
tion’ in same-sex twins, strengthening the evidence that children evoke parental responses
based on their genetic predispositions for BMI. Nevertheless, as expected, and consistent with
the small amount of variance explained in BMI by the GPS, the size of the associations between
the BMI GPS and PFPs were small.
Other relevant research
The findings from this study accord with those from twin studies of many other types of par-
enting behaviours that have also tended to show moderate heritability. A meta-analysis of 32
child twin studies on maternal positivity, negativity, affect and control in relation to parenting
showed an average heritability of 24%[18], indicating widespread, child-driven genetic influ-
ences on parental behaviour. The heritability estimates for ‘restriction’ (43%) and ‘pressure’
(54%) were somewhat higher than the average heritability estimate for the parenting styles
Gene-environment correlation in child feeding
78
considered in the meta-analysis (24%), but in keeping with the magnitude of the heritability of
negative parenting styles observed across early childhood (~55%)[21].
In addition to providing evidence for gene-environment correlation, results from the MZ
discordance design also indicated that non-shared environmental influences for child BMI
and PFPs are correlated as well. This suggests that child BMI and PFPs are also related due to
common non-shared environmental influences. However, the MZ discordance design was not
able to shed light on the causal direction–i.e. if child BMI causes PFPs or if PFPs cause child
BMI–because our variables were measured at the same time. The few prospective studies that
have attempted to establish the cause-effect relationship in the parent-child dynamic using
bidirectional analyses have suggested either only a small effect of restriction and/or pressure
on child weight, or none[9–11,13]. Prospective studies therefore suggest that PFPs may be less
important than is commonly assumed. The well-established strong genetic influence on chil-
dren’s weight–in the order of 70–80%[15,16]–also supports the hypothesis that parents influ-
ence child weight via genetic inheritance more than by creating an ‘obesogenic’ family
environment. However, it cannot be ruled out that genetic effects related to BMI in the parents
also contribute to an obesogenic environment if gene-environment correlation was at play,
further passively reinforcing the child’s inherited genetic propensities. The shared environ-
mental influence on BMI in late childhood is also low[15,16]. In the current study, the shared
environmental influence on parental feeding behaviour was the proportion of variance that
was common to both twins in a pair (invariant within families). It therefore likely reflects vari-
ation in feeding behaviour that was parent-driven rather than child-directed. These estimates
indicated that a substantial proportion of variation in both ‘restriction’ (C = 43%) and ‘pres-
sure’ (C = 37%) also originated in the parent.
Experimental studies in the form of large well-designed randomised controlled trials (RCTs)
are needed to truly test the hypothesis that PFPs causally modify children’s weight gain trajecto-
ries. Very few of these have been conducted to date, and they have focused on the preschool
years. Nevertheless, two landmark studies have indicated that parental behaviour may, in fact,
be influential in early life. NOURISH[22] was an Australian RCT that randomised 352 parents
and infants to receive a feeding intervention (including using low amounts of pressure, and
employing child-responsive methods of food restriction) during the period of complementary
feeding; 346 families were randomised to the standard care control group. At three to four years
of age, children in the intervention group had better appetite control than those in the control
group, and there were fewer children with overweight; although this did not reach statistical sig-
nificance[23]. INSIGHT[24], a US RCT, randomised 145 new mothers to a responsive parent-
ing intervention that focused on feeding infants only in response to their hunger and satiety
signals (but neither pressuring nor restricting their milk and food intake), during milk-feeding
and complementary feeding; 145 mothers were randomised to a control group. At one year sig-
nificantly fewer infants in the intervention group had overweight (6%) compared to the control
group (13%). These RCTs indicate that parental feeding behaviour can modify young children’s
eating behaviour and weight gain. However, these studies were conducted in infants and young
preschool children so it is unclear whether these findings are generalisable to older children.
The genetic correlations between children’s BMI and parental feeding behaviour were mod-
est, and were far from complete (i.e. less than 1.0), indicating that other genetically-determined
child characteristics are also influencing parental feeding behaviour. Children’s appetite is
under strong genetic control; twin studies–including this sample–have shown high heritability
for appetite[25,26] and shared heritability with BMI[27]. Appetite is associated with the BMI
GPS in this sample and has been shown to mediate part of the GPS-BMI association[28]. It is
therefore likely that child appetite also influences parental feeding behaviour[25,26]. In sup-
port of this, prospective and within-family studies have provided evidence that within the
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context of parental feeding, parents respond not only to their child’s weight but also to their
eating styles. A large prospective population-based study used bidirectional analyses to show
that parents whose children were excessively fussy at baseline increased their pressure over
time[29]. A reverse relationship also pertained, but the temporal association from child to par-
ent was stronger. A large within-family study of preschool twins showed that parents varied
their pressuring feeding style when their twins were discordant for food fussiness[30]. The
fussier twin was pressured more than their co-twin, also in support of a child-driven model of
parental feeding behaviour. It stands to reason that a child who is a picky eater is pressured to
try some of their vegetables or to eat more overall. Along the same lines, a natural response
from a parent who has a child who shows a tendency toward excess intake and a relatively pro-
nounced preference for foods rich in sugar or fat, is to enforce some restriction.
We also found a positive phenotypic correlation between ‘restriction’ and ‘pressure’ (β = 0.15),
indicating that parents who exert higher levels of restriction on their children also tend to pres-
sure themmore. This suggests that some parents have a more controlling feeding style in general.
Implications and future research
The relationship between parental behaviour and children’s emerging characteristics appears
to be reciprocal and complex. The current findings suggest that parents’ natural feeding
responses to child weight are to exert greater restriction of food intake on children with a
higher BMI, and to pressure a thinner child to eat. However, these strategies may not be effec-
tive in the long run. RCTs have suggested that PFPs can have a lasting and important impact
on children’s weight and eating behaviour in the early years, although whether or not these
findings apply to older children has yet to be determined. It is well established that genetic
influence on BMI in younger children is lower, and the shared environmental effect is higher,
than it is in older children[15,16]. This suggests that parental influence diminishes as children
grow older, gain independence and spend increasing time outside the home with peers rather
than parents[31]. Large RCTs that follow children from early life to later childhood are needed
to establish if PFPs influence the weight of older children.
Strengths & limitations
A strength of this study is that we used several genetically sensitive methodological approaches
to explore the directionality of relationships between child BMI and PFPs, yielding consistent
results. PFPs were measured using the Child Feeding Questionnaire, which has well estab-
lished criterion and construct validity, as well as good internal and test-retest reliability[32].
This instrument has been used widely in previous research into child weight, allowing the find-
ings from this study to be directly compared to a wealth of existing results.
A potential limitation is that heritability estimates from twin studies rely on the assumption
that MZs and DZs share their environment in terms of the trait in question to the same extent,
so-called the ‘equal environments assumption’; if this is violated, the findings are invalid.
Therefore if parents feed MZs more similarly than DZs simply because they are identical, this
would artificially inflate the MZ correlation and, consequently, heritability. However, if MZs
are fed more similarly than DZs because parents are responding to their genetically deter-
mined BMI or traits that share genetic influence with BMI such as appetite, differences in feed-
ing experience across MZs and DZs do not constitute a violation of the equal environments
assumption because these differences in feeding practices are being driven by greater genetic
similarity between MZs than DZs. In addition, if parents’ reports of how similarly they fed
their twins were biased by their perceived zygosity (i.e. reported treatment was not a true
reflection of actual treatment, but related to the twins being MZ or DZ), this would also render
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the heritability estimates unreliable. However, this seems unlikely given previous findings that
parents’ reports about their twins’ are not biased by their beliefs about their zygosity, using the
‘mistaken zygosity’ design[33].
Another limitation was the lack of parental genotypes assessments. Parental BMI is by no
means a perfect proxy for their genotypic predisposition to higher or lower BMI; the most
powerful approach would be to have parental genotypes whereby the non-transmitted alleles
from the parents (which relate to their own BMI and behaviour, but not to that of their child)
can be entirely separated from the child’s genotype[34]. Nevertheless, the within-family analy-
sis controlled for all family-level genetic and environmental effects, and the magnitudes of the
relationships between child BMI and PFPs were unaffected. A further limitation is that we
were unable to validate self-reported parental BMI, which may have been inaccurate and could
potentially bias our results. Additionally, it may be possible that PFPs are largely explained by
environmental factors that influence children’s BMI. As the BMI GPS is not yet strong enough
to be a sufficient proxy to separate genetic and environmental effects on child BMI, we were
unable to test this question empirically. However, considerable genetic correlations between
child BMI and PFPs derived from the twin model renders this explanation unlikely. Lastly,
BMI was only reported at one time point, but PFPs are likely to be driven by the child’s emerg-
ing BMI throughout the developmental years. However, BMI-associated SNPs and BMI GPS
are associated with weight gain trajectories from infancy throughout childhood, so the BMI
GPS in fact captures a long window of child BMI[14,35].
Conclusion
This study provides new evidence for gene-environment correlation in parental feeding prac-
tices. We have shown that parental feeding practices are substantially heritable and appear to
be partly elicited by the common genetic variants that influence children’s BMI. Genome-wide
polygenic scores that index children’s genetic propensities for their BMI significantly predicted
their parents’ feeding practices, even after potentially confounding shared family effects were
taken into account. The findings of this study provide a new perspective on the nature of the
associations between parental feeding practices and child BMI.
Methods
Sample
Participants were drawn from the Twins Early Development Study (TEDS). Between 1994–1996
TEDS recruited over 15,000 twin pairs born in England andWales, who have been assessed in
multiple waves across their development up until the present date. Despite some attrition, about
10,000 twin pairs still actively contribute to TEDS, providing genetic, cognitive, psychological
and behavioural data. TEDS participants and their families are representative of families in the
UK[36]. Written informed consent was obtained from parents prior to data collection. Project
approval was granted by King’s College London’s ethics committee for the Institute of Psychia-
try, Psychology and Neuroscience (05.Q0706/228). This study included 4,445 unrelated individ-
uals with genotyping for the GPS analysis, 2,164 genotyped dizygotic (DZ) twin pairs (1,151
same-sex DZ pairs, 1,013 opposite-sex DZ pairs), and 4,375 twin pairs for the twin analysis
(1,636 monozygotic (MZ) pairs, 1,441 same-sex DZ pairs, and 1,298 opposite-sex DZ pairs).
Genotyping
Two different genotyping platforms were used because genotyping was undertaken in two sep-
arate waves, five years apart. AffymetrixGeneChip 6.0 SNP arrays were used to genotype 3,665
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individuals at Affymetrix, Santa Clara (California, USA) based on buccal cell DNA samples.
Genotypes were generated at the Wellcome Trust Sanger Institute (Hinxton, UK) as part of
the Wellcome Trust Case Control Consortium 2 (https://www.wtccc.org.uk/ccc2/). Addition-
ally, 8,122 individuals (including 3,607 dizygotic co-twin samples) were genotyped on Huma-
nOmniExpressExome-8v1.2 arrays at the Molecular Genetics Laboratories of the Medical
Research Council Social, Genetic Developmental Psychiatry Centre, using DNA that was
extracted from saliva samples. After quality control, 635,269 SNPs remained for Affymetrix-
GeneChip 6.0 genotypes, and 559,772 SNPs for HumanOmniExpressExome genotypes.
Genotypes from the two platforms were separately phased using EAGLE2[37], and imputed
into the Haplotype Reference Consortium (release 1.1) through the Sanger Imputation Service
[38] before merging genotype data from both platforms. Genotypes from a total of 10,346 sam-
ples (including 3,320 dizygotic twin pairs and 7,026 unrelated individuals) passed quality con-
trol, including 3,057 individuals genotyped on Affymetrix and 7,289 individuals genotyped on
Illumina. The final data contained 7,363,646 genotyped or well imputed SNPs (for more
details, see Supplementary S1 Methods).
We performed principal component analysis on a subset of 39,353 common (MAF> 5%),
perfectly imputed (info = 1) autosomal SNPs, after stringent pruning to remove markers in
linkage disequilibrium (r2> 0.1) and excluding high linkage disequilibrium genomic regions
so as to ensure that only genome-wide effects were detected.
Phenotypic measures
The samples used for the analyses differed by necessity in order to accommodate the different
methodological approaches: unrelated genotyped individuals (UG); dizygotic genotyped co-
twins (DG); twin sample (TS) for quantitative genetic analysis. For the classical twin model
approach, only phenotypic data from genotyped twins and their co-twins were selected for
comparability across the study samples. Descriptive statistics for all phenotypic measures are
reported in Supplementary S4A Table for unrelated genotyped individuals, in Supplementary
S4B Table for genotyped DZ twin pairs and in Supplementary S4C Table for samples used for
twin modelling.
Children’s body mass index (BMI) was calculated from parent-reported weight (kg) divided
by the square of parent-reported height (metres): kg/m2. The 1990 UK growth reference data
[39] were used to create BMI standard deviation scores (BMI-SDS) which take account of the
child’s age and sex, and represent the difference between a child’s BMI and the mean BMI of
the reference children of the same age and sex. BMI-SDS are used rather than BMI itself
because BMI varies substantially by age and sex until early adulthood. Reference BMI-SDS
have a mean of 0 and a SD of 1: a value greater than 0 indicates a higher BMI than the mean in
1990; a value less than 0 indicates a lower BMI than the mean in 1990. The validity of parent-
reported height and weight was tested through home-visits of researchers in a subset of 228
families. Correlations between measurements taken by parents and researchers were high
(height: r = 0.90; weight: r = 0.83)[40]. BMI-SDS were available for 4,259 (UG), 4,134 (DG),
and 8,406 (TS) individuals. Children had a mean age of 9.91 years (SD = 0.87) when anthropo-
metric measures were assessed.
Parental BMI was calculated for 4,112 individuals using self-reported weight (kg) and
height (metres) of the responding parent (kg/m2), which was assessed at the same time as
childhood height and weight. To account for the gender of the responding parent (97% moth-
ers, 3% fathers), we used the z-standardized residuals of gender-corrected BMI in analyses.
To assess PFPs, we used the Child Feeding Questionnaire[41], which parents completed
when their twins were approximately 10 years old (mean = 9.91 years, SD = 0.87). To measure
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the degree to which parents restricted their children’s food intake (‘restriction’), we calculated
a mean composite score based on 6 items (Cronbach’s alpha = 0.78), such as “I intentionally
keep some foods out of my child’s reach“, or “If I did not guide my child’s eating, he/she
would eat too many junk foods”. Data were available for 4,386 (UG), 4,228 (DG) and 8,582
(TS) children. Similarly, we created a mean composite score to assess the amount of pressure
parents exerted on their children to increase their food intake (‘pressure’), including 4 items
(Cronbach’s alpha = 0.61) such as “If my child says “I’m not hungry”, I try to get him/her to
eat anyway”, or “I have to be especially careful to make sure my child eats enough”. Data were
available for 4,445 (UG), 4,328 (DG) and 8,750 (TS) children. All items were scored on a
5-point Likert scale (Disagree, Slightly disagree, Neutral, Slightly agree, Agree).
Phenotypic exclusions
For child and parent anthropometrics we removed extreme outliers with implausible values
that were deemed to be errors. For children we excluded values based on the following criteria:
-/+ 5 standard deviations above or below the mean of height SDS, weight SDS or BMI-SDS;
shorter than 105 cm or taller than 180cm; lighter than 12 kg or heavier than 80 kg. After
removing outliers, child BMI-SDS had a mean of 0 and a standard deviation of 0.99, showing
that the sample is representative of the UK reference population for BMI in 1990 (mean = 0;
SD = 1). For parental BMI, we removed individuals with values that fell -/+ 3.5 standard devia-
tions above or below the mean, as well as individuals that weighed below 35 kg. To account for
the positive skew, we log transformed this variable. As all variables showed age or sex effects
(described in Supplementary S4A, S4B and S4C Table), we controlled for these variables by
applying the regression method, using z-standardized residuals for all further analyses. Supple-
mentary S5A, S5B and S5C Table show descriptive statistics for all clean measures (regressed
onto age and sex) in unrelated samples, for DZ twin pair samples, and individuals used for
twin modelling, respectively.
Genotypic measures
We created Genome-wide Polygenic Scores (GPS) for BMI, using summary statistics from a
genome-wide meta-analysis of BMI including 339,224 participants[19]. We calculated a GPS





where i 2 {1,2,..,k} and indexes SNPi and the i number of the k BMI increasing alleles included
in the score is determined by the p-value threshold of the SNP–phenotype association in the
discovery GWAS, the β-coefficients for each respective genetic variant is used as a weight, and
the count of each reference allele is represented by genotype dosage (0,1, or 2 alleles) of SNPi.
We used the software PRSice[42] to calculate GPS in our sample. To account for multicolli-
nearity among SNPs in Linkage Disequilibrium (LD), which can upwardly bias GPS predic-
tions[43], genome-wide clumping was performed (r2 = 0.1, kb = 250). Using the clumped,
independent SNPs, we created eight GPS for 10,346 individuals (7,026 unrelated individuals;
3,320 DZ twin pairs) using increasingly liberal GWAS p-value thresholds (pT: 0.001,0.05,
0.1,0.2,0.3,0.4,0.5,1). Diagonals in Supplementary S2 Fig show the number of SNPs included in
each respective GPS. As all thresholds performed similarly well (Supplementary S2 Fig), we
used a GPS based on the smallest p-value threshold of 0.001 for all further analyses. Potential
effects due to population stratification and genotyping were accounted for by regressing the
first ten principal components, and factors capturing genotyping information (microarray,
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batch and plate) onto the child BMI GPS, subsequently using the z-standardised residuals in
our analyses.
Statistical analysis: Genome-wide polygenic score (GPS) analyses
Trait prediction in unrelated samples. Associations between child BMI GPS and pheno-
types were assessed using linear regression analyses. All variables were standardised prior to
analyses, therefore β coefficients from linear regression models are equivalent to Pearson’s cor-
relation coefficients.
Within-family analyses: Accounting for family effects in unrelated samples and DZ
twin pairs. Children not only inherit half of each of their parent’s DNA, but also the family
environment. Therefore, it is possible that familial effects, both genetic and environmental,
confound the relationships between child GPS and PFPs. To account for these potential con-
founding effects, we used two approaches. Firstly, we removed variance in the PFPs (restric-
tion, pressure) explained by parental BMI in our sample of unrelated individuals using the
regression method, and repeated association analyses. Secondly, we used data on genotyped
DZ twin pairs to explicitly model the effect of within-DZ twin pair GPS differences on differ-
ences in PFPs by accounting for the family contributions in a fixed-effects model:
Yij ¼ aj þ bGPSij þ eij;
where i 2 {1,2} indexes the individuals of the dizygotic twin pairs, and j 2 {1,2,..,k} indexes the
k families (i.e. sets of dizygotic twin pairs). Thus, Yij is the trait value for the ith individual of
the jth family, αj is a vector including the (fixed) family effects, β is the effect of the GPS within
families, eij is the random error for each individual and each family with eij ~ N(0,σ
2), and Cov
(αj, eij) = 0. The family units were coded using dummy variables in order to estimate the αj
effects. By accounting for the differences in contributing factors between families via αj, this
model tests for the effect of differences in GPS values between DZ twins on the outcome and
therefore assesses the impact of GPS with shared genetic and shared environmental factors
accounted for. The within-family associations indicate the extent to which parents vary their
‘restriction’ or ‘pressure’ in response to differences in their twins’ BMI GPS. A larger associa-
tion indicates that the greater the difference between twin pairs’ BMI GPS, the greater the dif-
ference in parental ‘restriction’ or ‘pressure’ across two twins in a pair. We applied fixed-
effects models to our combined DZ data, and repeated these analyses using same-sex DZ pairs
and opposite-sex DZ samples only.
Statistical analysis: Twin modelling
To obtain broad estimates of the extent to which individual differences in PFPs are determined
by children’s genotypes, we used a multivariate ‘correlated factors’ twin model. This allowed
us to estimate: (1) the heritability of PFPs, which provided an indication of the extent to which
PFPs are caused by children’s genotypes in general; and (2) the extent of common genetic
influence on both child BMI-SDS and PFPs, which provided an indication of the extent to
which PFPs are caused by children’s genetic propensity to higher or lower BMI, specifically.
Based on biometrical genetics theory[44], it is possible to decompose variance in a single
trait into three components: additive genetic (A; heritability), shared environmental (C; all
environmental effects that make family members more similar) and non-shared environmen-
tal (E; all environmental effects that contribute to dissimilarities across family members,
including random error measurement). The basis of the method is to compare resemblance
for a single trait between monozygotic (MZ) and dizygotic (DZ) twin pairs, who share 100%
and 50% (on average) of their segregating genetic material, respectively, while both types of
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twins are correlated 100% for their shared environmental influence. The observed covariation
between MZ and DZ pairs is compared with the expected covariation, based on the knowledge
of different degrees of allele sharing (or identity by descent (IBD)) of MZ (IBD = 1.0) and DZ
pairs (IBD = 0.5 on average). The twin method therefore assumes that MZ and DZ twins share
their environments in terms of the trait in question to the same extent (so-called the ‘equal
environments assumption’), and the only difference between the two types of twins is the
extent of their genetic relatedness.
Using the same principles, comparison of MZ and DZ covariation across traits (so-called
cross-twin cross-trait covariance, e.g. the covariation between twin 1 BMI-SDS and twin 2
‘restriction’) provides an indication of the extent to which the genetic and environmental
influences on multiple traits are the same. The key pieces of information provided are the
aetiological correlations, which indicate the extent to which child BMI and PFPs are caused by
the same additive genetic (genetic correlation; rA), shared environmental (shared environmen-
tal correlation; rC), and non-shared environmental influences (non-shared environmental cor-
relation; rE). In this analysis we were primarily interested in the genetic correlation, which
indicates the extent to which the additive genetic influences on child BMI cause PFPs. The
aetiological correlations range from -1 to 1 and can be interpreted similarly to Pearson’s corre-
lations. For example, a high positive genetic correlation between ‘restriction’ and BMI would
indicate that many of the DNA variants that cause higher child BMI are the same as those
cause higher levels of ‘restriction’, while a high negative genetic correlation would indicate that
many of the DNA variants causing higher child BMI are the same as those causing lower levels
of ‘restriction’.
Maximum likelihood structural equation modelling was used to estimate intra-class corre-
lations across the zygosities, the A, C and E parameter estimates and aetiological correlations
(with 95% confidence intervals), and goodness-of-fit statistics. Sex differences in the parameter
estimates were also tested for using a sex-limitation model. Analyses were implemented in the
R package OpenMx[45].
Monozygotic twin discordance analysis. MZ twins share 100% of their genotypic infor-
mation and grow up in the same family, suggesting that phenotypic differences that are not
due to measurement error are caused by non-shared environmental influences; because they
cannot be explained by genetic or shared environment differences[46]. In order to identify
non-shared environmental sources of PFP in relation to child BMI, we calculated within MZ
pair difference scores for child BMI-SDS, ‘restriction’ and ‘pressure’ for all MZ pairs by sub-
tracting the variable score for twin 2 from the variable score of twin 1 (for variable distribu-
tions and descriptive statistics, see Supplementary S2 Fig). Therefore, the twin difference score
is evaluated in respect to twin 1 (e.g. a positive value indicates that twin 1 has a higher value
than twin 2). We applied linear regression analysis to identify whether within MZ twin pair
differences in BMI-SDS predicted MZ twin differences in PFPs.
Supporting information
S1 Methods. Genotyping and quality control.
(DOCX)
S1 Table. Fit statistics for the multivariate model including child BMI SDS, parental pres-
sure and parental restriction. ep = estimated parameters; -2LL = -2 log likelihood;
df = degrees of freedom; AIC = Akaike Information Criterion. An ACE model without scalar
(no sex-limitation) provided best fit.
(XLSX)
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S2 Table. Twin intra-class correlations by sex and zygosity groups. ACE estimates are based
on no sex-limitation models. 95% confidence intervals are shown in square brackets.
(XLSX)
S3 Table. Phenotypic, genetic, shared environmental, non-shared environmental correla-
tions and 95% confidence intervals. rP = Phenotypic correlation; rA = genetic correlation;
rC = shared environmental correlation; rE = non-shared environmental correlation. All esti-
mates are based on maximum likelihood.
(XLSX)
S4 Table. Raw descriptive statistics of phenotypic measures in (a) genotyped unrelated
individuals, (b) genotyped DZ twins, (c) twins for twin modelling by zygosity.
S4A Table: Discrepancies in sample sizes between height and weight and their respective SD
scores is due to list wise deletion in the construction of SD scores due to missing age. F = F-sta-
tistic of ANOVA. R2 = Variance explained. S4B Table: The sample includes all DZ pairs (same
sex and opposite sex); the N includes the total number of individual DZs. Discrepancies in
sample sizes between height and weight and their respective SD scores is due to list wise dele-
tion in the construction of SD scores due to missing age. Twin pairs with incomplete data were
excluded. F = F-statistic of ANOVA (performed on one randomly selected twin per pair). R2 =
Variance explained. S4C Table: Means for phenotypic measures and standard deviations in
brackets. MZ = monozygotic; DZ = dizygotic; m = male; f = female; os = opposite sex. Twin
pairs with incomplete data and missing information about zygosity were excluded, which
explains slight sample size deviations in comparison to unrelated genotyped samples. F-statis-
tics reported for sex, zygosity and sex�zygosity interaction. R2 = variance explained by sex,
zygosity and their interaction (ANOVA). All Tables: � = p<0.05; �� = p<0.01; ��� = p<0.001.
(XLSX)
S5 Table. Descriptive statistics of cleaned phenotypic measures (regressed onto age and
sex) in (a) genotyped unrelated individuals, (b) genotyped DZ twins, (c) twins for twin
modelling by zygosity.
S5A Table: Discrepancies in sample sizes between height and weight and their respective SD
scores is due to list wise deletion in the construction of SD scores due to missing age. F = F-sta-
tistic of ANOVA. R2 = Variance explained. S5B Table: The sample includes all DZ pairs (same
sex and opposite sex); the N includes the total number of individual DZs. Discrepancies in
sample sizes between height and weight and their respective SD scores is due to list wise dele-
tion in the construction of SD scores due to missing age. Twin pairs with incomplete data were
excluded. F = F-statistic of ANOVA (performed on one randomly selected twin per pair). R2 =
Variance explained. S5C Table: Means for phenotypic measures and standard deviations in
brackets. MZ = monozygotic; DZ = dizygotic; m = male; f = female; os = opposite sex. Twin
pairs with incomplete data and missing information about zygosity were excluded, which
explains slight sample size deviations in comparison to unrelated genotyped samples. F-statis-
tics reported for sex, zygosity and sex�zygosity interaction. R2 = variance explained by sex,
zygosity and their interaction (ANOVA). All Tables: � = p<0.05; �� = p<0.01; ��� = p<0.001.
(XLSX)
S1 Fig. MZ twin difference score distributions and descriptive statistics.
(TIF)
S2 Fig. Correlations across all GPS and phenotypic measures. Diagonals of Genome-wide
Polygenic Scores (GPS) show number of SNPs included in each respective score. � = p<0.05;
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�� = p<0.01; ��� = p<0.001.
(TIF)
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Polygenic scores are a popular tool for prediction of complex traits. However, prediction 
estimates in samples of unrelated participants can include effects of population 
stratification, assortative mating and environmentally mediated parental genetic effects, a 
form of genotype-environment correlation (rGE). Comparing genome-wide polygenic score 
(GPS) predictions in unrelated individuals with predictions between siblings in a within-
family design is a powerful approach to identify these different sources of prediction. Here, 
we compared within- to between-family GPS predictions of eight outcomes 
(anthropometric, cognitive, personality and health) for eight corresponding GPSs. The 
outcomes were assessed in up to 2,366 dizygotic (DZ) twin pairs from the Twins Early 
Development Study from age 12 to age 21. To account for family clustering, we used mixed-
effects modelling, simultaneously estimating within- and between-family effects for target- 
and cross-trait GPS prediction of the outcomes. There were three main findings: (1) DZ twin 
GPS differences predicted DZ differences in height, BMI, intelligence, educational 
achievement and ADHD symptoms; (2) target and cross-trait analyses indicated that GPS 
prediction estimates for cognitive traits (intelligence and educational achievement) were on 
average 60% greater between families than within families, but this was not the case for non-
cognitive traits; and (3) much of this within- and between-family difference for cognitive 
traits disappeared after controlling for family socio-economic status (SES), suggesting that 
SES is a major source of between-family prediction through rGE mechanisms. These results 
provide insights into the patterns by which rGE contributes to GPS prediction, while ruling 





The recent influx of well-powered genome-wide association (GWA) studies has led to 
substantial advances in our ability to detect genetic associations between single base pair 
variants (single nucleotide polymorphisms; SNPs) across the genome and a myriad of 
complex traits. Although individual SNP effect sizes are extremely small (Gratten, Wray, 
Keller, & Visscher, 2014), the surge in GWA power has improved the ability to predict 
complex traits through the genome-wide polygenic score (GPS) approach (Martin, Daly, 
Robinson, Hyman, & Neale, 2018; Plomin & Stumm, 2018). GPSs are indices of individuals’ 
genetic propensity for a trait, and are derived as the sum of the total number of trait-
associated alleles across the genome, weighted by their respective association effect size 
estimated through GWA analysis(Wray et al., 2014). GPS can be calculated in any sample 
with genotype data that is independent from the discovery GWA study, and have permeated 
research in the social, behavioural and biomedical sciences (Plomin, 2018). In this paper, we 
use within-family analysis to investigate an important potential source of prediction in 
polygenic score analysis: passive genotype-environment correlation. 
 
Currently one of the largest GWA meta-analyses with a sample size of 1.1 million was 
performed on educational attainment (years of schooling) (Lee et al., 2018). A GPS derived 
from this study is the most predictive GPS for any behavioural trait to date, explaining 10.6% 
of the variance in years of education (Lee et al., 2018) and 14.8% in tested educational 
achievement (Allegrini et al., 2019). The predictive power of the educational attainment GPS 
(EA GPS) is considerable in contrast to other GPS for behavioural traits. Notably, cross-trait 
analyses have revealed that EA GPS is widely associated with traits other than educational 
achievement, including intelligence (Allegrini et al., 2019; Lee et al., 2018; Plomin & Stumm, 
2018), socioeconomic status (SES) (Belsky et al., 2018; 2016; Hill et al., 2016; Selzam et al., 2017), 
behaviour problems (de Zeeuw et al., 2014) , mental health (Hagenaars et al., 2016), physical 
health (Hagenaars et al., 2016) and personality (Mõttus, Realo, Vainik, Allik, & Esko, 2017; 
Smith-Woolley, Selzam, & Plomin, 2019), in some cases accounting for as much as or more 
than the variance in cross-trait associations explained by the target GPS themselves (Krapohl 
et al., 2016; Smith-Woolley et al., 2019).  
 
However, GWA analyses, and the GPSs derived from them in independent samples, are 
naïve to the pathways that lead from SNPs to trait outcomes (Belsky & Harden, 2019). With a 
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focus on prediction, the mechanisms by which polygenic scores relate to phenotypes are left 
largely unexplored. Given the popularity and widespread use of the GPS approach, the 
interpretation of GPS prediction estimates requires more careful consideration. Potentially, 
passive genotype-environment correlation (prGE) (Plomin, DeFries, & Loehlin, 1977) effects 
could be one source of prediction. Parents generate family environments consistent with 
their own genotypes, which in turn facilitate the development of the offspring trait, thus 
inducing a correlation between offspring genotype and family environment (Bates et al., 
2018; Kong et al., 2018; Pingault et al., 2018). Although these effects are also genetic in origin, 
they stem from the parents and are thus environmentally mediated. Therefore, GPS 
prediction among unrelated individuals may include contributions from both direct genetic 
effects and also indirect effects due to prGE.  
 
Within-family analysis of siblings is a powerful approach to disentangle these potential 
sources of prediction. The additive genetic correlation between siblings is on average 0.50 
(Fisher, 1918), and the transmission of alleles from parents to offspring is randomized during 
meiosis, such that siblings have equal probability of inheriting any given allele (Fletcher, 
2011). The variability around the average genetic relationship between siblings due to 
random segregation is generally independent of the environment, therefore any genetic 
difference between siblings is free of shared environmental influence (Young et al., 2018). A 
relationship between their genetic differences and trait differences provides evidence for a 
causal effect of the measured genetic difference, since (i) siblings are well-matched on all 
shared familial genetic influences that shape the environment, and (ii) potential bias due to 
population stratification and assortative mating is completely eliminated within families 
(Benyamin, Visscher, & McRae, 2009; Brumpton et al., 2019; Lee et al., 2018). Such within-
family analyses account for prGE effects that are related to common family environments 
which are correlated with the transmitted alleles shared between siblings, but also 
environmental effects related to non-transmitted parental alleles that contribute to offspring 
similarity within a family. The use of DZ co-twins strengthens this design further as all 
shared environmental influences are time-invariant between twins (e.g. pregnancy risk 
factors, parental age, family income).  
 
Indeed, previous within-family analyses have revealed substantial reductions in individual 
SNP effect sizes. For example, there was an effect size attenuation of ~40% compared to 
between-family associations in the most recent GWA study on educational attainment (Lee 
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et al., 2018). Most of this reduction has been attributed to prGE; no similar deflation of effect 
sizes was found for height (Lee et al., 2018), indicating that prGE is not likely at play. A novel 
method relying on close- and distantly-related individuals, and that is applied to very large 
populations, detected a similar reduction of SNP-heritability estimates of educational 
achievement (~40%) (Young et al., 2018). Moreover, studies that tested the effect between 
non-transmitted alleles from parental to offspring genotypes on offspring outcomes 
reported a significant association for educational attainment (Bates et al., 2018; Kong et al., 
2018) – an effect of so-called genetic nurture – but not for height and BMI (Bates et al., 2018; 
Kong et al., 2018). In contrast, one study that tested within-family predictions of educational 
attainment using the EA GPS found no noteworthy difference in comparison to between-
family estimates (Domingue, Belsky, Conley, Harris, & Boardman, 2015). However, this GPS 
was based on the first GWA study for educational attainment (Rietveld et al., 2014), and may 
have been underpowered to pick up prGE-driven effects. Indeed, a more recent study found 
that using the latest GPS for educational attainment, there was an attenuation of ~55% in the 
prediction of years of schooling within families in comparison to between-family estimates 
(Trejo & Domingue, 2019).  
 
Overall, relatively little research has been conducted on within-family GPS prediction, 
mostly focussing on educational and anthropometric traits. This study adds substantially to 
this literature by systematically comparing within-family GPS prediction to between-family 
GPS prediction across eight life outcomes (height, BMI, self-rated health, intelligence, 
educational achievement, neuroticism, attention-deficit/hyperactivity symptoms, and 
schizophrenia symptoms). Educational achievement is both phenotypically and genetically 
correlated with many life outcomes (Briley, Domiteaux, & Tucker-Drob, 2014; De Ridder et 
al., 2013; Krapohl et al., 2014; Marques, Pais-Ribeiro, & Lopez, 2011; Pingault et al., 2011; B. 
Spinath, Spinath, Harlaar, & Plomin, 2006; Zuffianò et al., 2013). It is also is highly genetically 
correlated with family SES (Hill et al., 2016; Krapohl & Plomin, 2016; Trzaskowski et al., 2014), 
and EA GPS predicts 7.3% of the variance in SES (Selzam et al., 2017). Therefore, it is possible 
that the effects identified in the GWA studies for educational attainment related to family 
environment (e.g. SES) also contribute to the development of other behavioural traits 
through prGE mechanisms. Although it has been suggested that the widespread cross-trait 
associations between the EA GPS and various outcomes may be partly driven by prGE 
effects (Koellinger & Harden, 2018; Smith-Woolley et al., 2019), to our knowledge no study to 




It is the aim of this study to investigate potential influences of prGE in a range of life 
outcomes through the comparison of within- and between-family polygenic score prediction 
estimates. First, we predict that within-family estimates will be disproportionally lower than 
between-family estimates for EA GPS predictions of educational achievement in contrast to 
other GPS predictions of their target trait. Second, we predict that cross-trait associations 
between the EA GPS and other outcomes will be smaller within families than between 





Our hypotheses, measures and analysis plan were preregistered with the Open Science 
Framework (for more details, see Online Resource section), except where indicated below. 




Participants were drawn from the Twins Early Development Study (TEDS). Between 1994-
1996 TEDS recruited 16,810 twin pairs born in England and Wales, who have been assessed 
in multiple waves across development until the present. The demographic characteristics of 
TEDS participants and their families closely match those of families in the UK (Haworth, 
Davis, & Plomin, 2013; Selzam et al., 2017). Written informed consent was obtained from 
parents prior to data collection, and from TEDS participants themselves past the age of 18. 
Project approval was granted by King’s College London’s ethics committee for the Institute 
of Psychiatry, Psychology and Neuroscience PNM/09/10–104. Only DZ co-twins with 




Height. Self-reported height was assessed at the average age of 22.1 (SD=0.86) in 1,463 twin 
pairs. 
 




) at age 22.1 (SD=0.86) in 1,353 twin pairs.  
 
Self-rated health. Twins rated their health on the reduced RAND Short-Form Health 
Survey (Ware & Sherbourne, 1992). Individuals scored their health on a five point Likert scale 
for five questions such as “In general, would you say your health is?” (“Poor” to “Excellent”), 
or “I am as healthy as anybody I know” (“Strongly Disagree” to “Strongly Agree”). Data were 




Intelligence. At age 11.4 (SD=0.65), twins were assessed on their non-verbal abilities (Raven’s 
Standard Progressive Matrices (Raven & Court, 1996); WISC-III-UK Picture Completion 
(Wechsler, 1992)) and on their verbal abilities (WISC-III-PI Vocabulary Multiple-Choice 
(Kaplan, Fein, Kramer, Delis, & Morris, 1999); WISC-III-PI Information Multiple-Choice 
(Kaplan et al., 1999)). A composite variable was calculated as the arithmetic mean of the z-
standardized scales for 1,569 twin pairs.  
 
Educational achievement. Results for standardized tests taken at the end of compulsory 
education in the United Kingdom (General Certificate of Secondary Education; GCSE) were 
obtained for twins at age 16.3 (SD=0.29) via self-report. Grades were coded from 4 (G; the 
minimum pass grade) to 11 (A*; the highest possible grade). Self-reported GCSE grades in 
TEDS highly correlate with grades obtained for a subsample of individuals from the 
National Pupil Database (r = 0.98 for English, r = 0.99 for mathematics, r > 0.95 for all sciences) 
(Krapohl et al., 2014). A composite was calculated as the arithmetic mean of the compulsory 
core subjects – Maths, English and Science – for 2,366 twin pairs. 
 
Neuroticism. At age 16.5 (SD=0.27), twins were assessed on their Big Five personality traits 
on a five-point Likert scale (Mullins-Sweatt, Jamerson, Samuel, Olson, & Widiger, 2006). For 
this study, we used the six Neuroticism items (e.g. Anxiousness; Vulnerability) to form a 
composite score by taking the arithmetic mean for 789 twin pairs.  
 
Attention-Deficit Hyperactivity Disorder (ADHD) symptoms. At age 11.5 (SD=0.69) and 
16.3 (SD=0.69), parents reported on twins’ ADHD symptoms via the Strength and Difficulties 
Questionnaire (Goodman, 1997) hyperactivity subscale (three-point Likert scale) and the 
Conners’ rating scales (CPRS-R; four-point Likert scale) (Conners, 2003) on hyperactivity 
and inattention. Although self-report ratings were available, it has been shown that 
informant-based ratings are more reflective of objective measures of ADHD symptoms 
(Rietz et al., 2016). A composite score was created as the arithmetic mean of the sex and age 
z-standardized scales. Where ratings were available at one assessment only, this value was 
used to maximise sample size, leading to a sample size of 2,469 twin pairs. 
 
Schizophrenia symptoms. At age 22.7 (SD=0.85), paranoia and hallucinations were assessed 
through self-reported ratings on the Specific Psychotic Experiences Questionnaire (SPEQ; 
six point Likert scale) (Bell, Halligan, & Ellis, 2006; Fenigstein & Vanable, 1992), and parent-
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reported negative symptoms using the Scale for the Assessment of Negative Symptoms 
(SANS; four point Likert scale) (Andreasen, 1984). Data were available for 1,140 twin pairs.  
 
Family socio-economic status (SES). This measure was calculated as the mean of the z-
standardized maternal age at birth of the first child, maternal and paternal highest education 
level (coded from 1 = “no qualifications” to 8 = “postgraduate qualifications”), and maternal 
and paternal occupation (coded from 1 = “Other Occupations – dockers, porters, 
labourers,…” to 9 = “Managers and Administrators”). These measures were assessed at first 
contact at age 1.8 (SD=1.13). Data were available for 2,962 twin pairs.  
 
Measures were selected based on largest sample sizes available, and ages at phenotype 
assessment matching most closely the ages of GWA study samples to maximise predictive 
power. None of the measures were significantly associated with birth order, but most 
showed sex and age differences (see Supplementary Table S1) and were therefore adjusted 
for these effects using the regression method, and z-standardised residuals (mean=0, SD=1) 




Two different genotyping platforms were used because genotyping was undertaken in two 
separate waves, five years apart. AffymetrixGeneChip 6.0 SNP arrays were used to genotype 
3,665 individuals. Additionally, 8,122 individuals (including 3,607 dizygotic co-twin samples) 
were genotyped on Illumina HumanOmniExpressExome-8v1.2 arrays. After quality control, 
635,269 SNPs remained for AffymetrixGeneChip 6.0 genotypes, and 559,772 SNPs for 
HumanOmniExpressExome genotypes.  
 
Genotypes from the two platforms were separately phased and imputed into the Haplotype 
Reference Consortium (release 1.1) through the Sanger Imputation Service (McCarthy et al., 
2016) before merging. Genotypes from a total of 10,346 samples (including 3,320 dizygotic 
twin pairs and 7,026 unrelated individuals) passed quality control, including 3,057 
individuals genotyped on Affymetrix and 7,289 individuals genotyped on Illumina. The 
identity-by-descent (IBD) between individuals was < 0.05 for 99.5% in the sample excluding 
the DZ co-twins (range = 0.00 – 0.12), and ranged between 0.36 and 0.62 for the DZ twin pairs 
(mean=0.49). The final data contained 7,363,646 genotyped or well imputed SNPs (for full 
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genotype processing and quality control details, see(Selzam et al., 2018)). To ease high 
computational demands of the software that generates polygenic scores, we further 
excluded SNPs with info <1, leaving 515,000 SNPs for analysis.  
 
We performed principal component analysis on a subset of 39,353 common (MAF > 5%), 
perfectly imputed (info = 1) autosomal SNPs, after stringent pruning to remove markers in 
linkage disequilibrium (r2	>	0.1) and excluding high linkage disequilibrium genomic regions 




We calculated polygenic scores, which are the SNP effect size weighted sums of the number 
of trait-associated alleles, based on summary statistics for the largest GWA studies available 
for key developmental outcomes, including height (Yengo et al., 2018), body mass index 
(BMI) (Yengo et al., 2018), self-rated health (McInnes et al., 2018), intelligence (Savage et al., 
2018), educational attainment (Lee et al., 2018), neuroticism (Luciano et al., 2018), ADHD 
(Demontis et al., 2019), and schizophrenia (Pardiñas et al., 2018). These GWA studies were 
selected because their respective GPS yield the highest predictive accuracy within their trait 
category (details about the studies, reported SNP heritabilities and GPS predictions can be 
found in Supplementary Table S2). To calculate the polygenic scores, we used the software 
LDpred (Vilhjalmsson et al., 2015) which re-weights the SNP effect sizes based on a prior on 
the effect size and the LD in the sample. Here, we applied a prior on the fraction of causal 
markers of 1 for all analyses, based on the assumption that all genetic markers contribute to 
trait development (see Supplementary Methods S1 for details on polygenic score 
calculation). All polygenic scores were statistically adjusted for the first ten principal 









We applied a random intercept mixed-effects model on DZ data, including two fixed effects 
to separate the total effect between the polygenic score predictor and the outcome into 
within- and between-family effects (Carlin, Gurrin, Sterne, Morley, & Dwyer, 2005): 
  
Z8; =	[\ +	]^_5678; − 567`̀ `̀ `̀ ;a + ]b567`̀ `̀ `̀ ; +	c; +	d8; , (1) 
 
where Z denotes the outcome and GPS the polygenic score, ? = {1,2} corresponds to the 
individual twins that are clustered within family B, and	567`̀ `̀ `̀  refers to the mean GPS value in 
family B. The ?th value represents birth order, where twin 1 is the elder twin. The notation [\ 
represents the intercept and c;  the random effect with c; 	~	O(0, %h"), which corresponds to 
a change in the intercept for both twins in family B, and  d8;  with d8; 	~	O(0, %i"), which 
denotes the independent random error for each individual ? in family B. The between-family 
effect ]b  represents the expected change in the outcome Z given a one unit change in the 
family GPS average, and the within-family effect ]^  represents the expected change given a 
one unit change in the difference between the individual GPS and the family average GPS. 
By including both ]^  and ]b  in the same model, the individual estimates are adjusted for, 
and independent of, the effect of the other estimate. The random effect term %h", which 
estimates the difference between each group intercept c;  and the overall intercept [\, 
accounts for the residual structure in the data corresponding to all unaccounted familial 
factors (both genetic and environmental) that contribute to the trait similarity of the twins 
(Carlin et al., 2005; Genser, Teles, Barreto, & Fischer, 2015).  
 
The use of a mixed-effects model is only justified if co-twins within a family correlate in the 
outcome, which can be estimated through the Intraclass Correlation (ICC) coefficient. The 
ICC is the ratio of the between-family (i.e. random intercept) variance over the total variance 
and is an estimate of how much of the total variation in the outcome is accounted for by 
family: 
 







where %h" is the covariance between the family variable, in this case family ID, and the 
outcome, and %i" indicates the residual variance capturing within twin pair differences. The 
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total effect of the relationship between GPS and outcome is the ICC weighted sum of the 
within- and between-family effects (Genser et al., 2015): 
 
o.pqr	stts-p = 	]^(1 − ujj) +	]b	ujj. (3) 
 
It follows from (3) that the total effect ranges between ]^  and ]b . If the relationship between 
GPS and outcome is mostly due to individual-level variation, the ICC approximates 0 and 
the total effect will be close to ]^. In contrast, if the association is mostly due to family 
effects, the ICC approximates 1 and the total effect will be close to ]b		(Genser et al., 2015). To 
calculate the total effect, we used ICC estimates adjusted for the fixed effects described in 
equation (1).  
 
Performing a regression corresponding to equation (1), we estimated the ]^  and ]b  
parameters using each of the eight polygenic scores in turn as predictors of each of the eight 
measured outcomes. To estimate potential SES effects, we repeated these analyses including 
the SES composite as a covariate in the model (these latter analyses were not preregistered). 
For the fixed effects, we calculated 95% bootstrap percentile intervals. These were based on 
10,000 bootstrap samples with random resampling of DZ twin pairs with replacement. 
 
To empirically test the statistical difference between ]^  and ]b , we divided the difference 
between the fixed effect coefficients by the standard deviation of the sampling distribution 
of the estimate differences (Clogg, Petkova, & Haritou, 1995; Paternoster, Brame, Mazerolle, 
& Piquero, 1998). We also applied this approach to statistically test the significance of the 
difference between the ]b  coefficients before and after the inclusion of family SES in model 
(1). To evaluate the effect size change between the coefficients, we calculated the beta 
differences with 95% bootstrap percentile intervals, as well as the percentage change (e.g. 
(]b  – ]^) / ]b).  
 
Quantile analysis of within-DZ pair differences 
 
To illustrate the extent to which within-DZ pair GPS differences result in differences in 
developmental outcomes, we performed quantile analysis. Firstly, we generated twin-GPS 
difference scores by subtracting the twin 2 score from the twin 1 score, and then split this 
variable into ten equal quantiles based on absolute GPS differences, ranging from the lowest 
101
 
to the highest GPS differences. Birth order did not explain any statistically significant 
amount of variance (Supplementary Table S1), therefore no randomisation of twin order was 
required. We tested mean differences in outcome variables between individuals in the 
lowest and highest decile. We performed quantile analysis on variables with scales that are 
easily interpretable: that is, BMI, height, intelligence and educational achievement. For this 
purpose, the z-standardised and cleaned variables were transformed back to their original 
scale, and intelligence values were scaled to have a mean of 100 and a standard deviation of 
15. 
 
Multiple testing correction 
 
Multiple testing correction of the significance threshold was performed using the Benjamini 
Hochberg false discovery rate (FDR) adjustment (Benjamini & Hochberg, 1995). In contrast 
to more conservative corrections, this method has higher statistical power to detect true 
positives while controlling for false positives. Based on an a threshold of 0.05, the corrected 
a in this study was 0.01, defined as the maximum raw p-value that is smaller or equal than 
the FDR critical value (vWwx ≤
Wwz<	{|	T}~
@{@wÄ	zÅXÇUW	{|	T}~	ÉwÄÅUÑ




We performed additional, non-pre-registered sensitivity analyses to evaluate the robustness 
of our findings. Mixed-effects models were run separately for same-sex and for opposite-sex 
twin pairs (for twin pair N, see Supplementary Table S3), as well as for twin pairs where both 
twins were genotyped on the OEE chip, and twin pairs where one twin was genotyped on 
OEE and the other twin genotyped on Affymetrix (for twin pair N, see Supplementary Table 
S4). Analyses were also performed using GPSs that were constructed applying a prior based 
on a causal fraction of 0.1.  
 
To control for any unaccounted relatedness between families, we estimated the fixed effects 
including a SNP-kinship matrix as random effect. Here, equation (3) becomes 4 = 	[ +
	]^_5678; − 567`̀ `̀ `̀ ;a + ]b567`̀ `̀ `̀ ; + á + d, where á is the random effect with á	~	O(0, às,") 
and à being a genetic relationship matrix between individuals. A pairwise genetic 
relationship between individual â and ä is estimated as àXz = 1/O	 ∑ (38X −L8=>
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	2v8)(38z −	2v8)/2v8(1 −	v8), where O is the number of SNPs, 38X is the number of copies 
of the reference allele for the ?@A  SNP of the â@A  individual and v8  is the reference allele 
frequency. These analyses were performed using the GCTA software (version 1.90.0) (Yang, 
Lee, Goddard, & Visscher, 2011). 
 
Due to the large study population of the UK Biobank, there may be relatedness between this 
sample and the UK target sample TEDS. The UK Biobank sample was included in the GWA 
meta-analysis of height, BMI and educational attainment, and relatedness between 
discovery and target sample could lead to GPS prediction estimate inflation in the target 
sample (Choi, Mak, & O'Reilly, 2018; Wray et al., 2013). We therefore calculated an additional 
set of height and BMI polygenic scores based on GWA meta-analyses published before UK 
Biobank data became available (Locke et al., 2015; Wood et al., 2014). We also calculated an 
additional GPS for educational attainment based on a GWA analysis that had all British 
cohorts removed (Lee et al., 2018). While this rules out discovery and target sample 





Phenotypic resemblance between DZ twins within a family varied across traits, with 
Pearson’s correlation coefficients ranging from 0.10 – 0.59 (Supplementary Figure S1, and 
Supplementary Table S5 for ICCs). Twins were least alike in their neuroticism levels and 
self-rated health, and most alike in their height, IQ and educational achievement. Within-
twin pair polygenic score correlations were close to expectations (range r = 0.49 – 0.57), as the 
expected shared additive genetic variance between siblings is 50% of the total additive 
genetic variance based on quantitative genetic theory (Fisher, 1918). Given the 95% 
confidence intervals of the within-twin pair correlations (Supplementary Figure S1), there 
was a significant difference from the expected correlation coefficient of 0.50 for the self-rated 
health GPS (r = 0.53), the IQ GPS (r = 0.54), and the educational attainment GPS (r = 0.57), 
indicating assortative mating for these traits.  
 
Within-family polygenic score predictions 
 
Figure 1A depicts the within- and between-family polygenic score prediction estimates of the 
eight outcomes from the mixed-effects model analyses. Within-family target-trait 
predictions were statistically significant for height, BMI, intelligence, educational 
achievement and ADHD symptoms, indicating that polygenic variation within twin pairs 
was related to these outcome differences. Specifically, phenotypic differences in height were 
significantly positively correlated with height GPS twin differences (b = 0.41, p = 5.72e-53) and 
differences in BMI were significantly correlated with BMI GPS differences (b = 0.30, p = 1.76e-
21) such that twins with a higher height GPS and BMI GPS were taller and heavier than their 
co-twin, respectively. IQ GPS differences predicted intelligence differences (b = 0.14, p = 1.32e-
6) and EA GPS differences were significantly associated with GCSE grade differences (b = 
0.21, p = 2.22e-26), indicating that those twins with a higher GPS also scored higher on 
intelligence measures and in their GCSE tests than their co-twin. For behaviour problems, 
twins with higher ADHD GPS had higher phenotypic ADHD symptoms than their co-twins 
(b = 0.12, p = 1.50e-7).  
 
We also investigated cross-trait relationships (Figure 1). For example, self-rated health GPS 
differences were negatively correlated with differences in BMI, such that twins with a higher 
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self-rated health GPS had a lower BMI (b = -0.13, p = 3.56e-5). EA GPS differences significantly 
related to phenotypic intelligence differences (b = 0.13, p = 2.15e-5), and IQ GPS predicted 
GCSE grade differences (b = 0.20, p = 7.24e-25), suggesting that those with higher GPSs also 
had higher IQ and GCSE grades than their co-twin. GCSE grade differences were also 
negatively predicted by ADHD GPS twin differences (b = -0.07, p = 2.20e-4), indicating that 
twins with a higher ADHD GPS obtain lower GCSE results. Notably, IQ GPS differences (b 
= -0.12, p = 6.38e-7) and EA GPS differences (b = -0.14, p = 3.09e-8) were just as predictive of 
ADHD symptoms as the ADHD GPS itself, and the direction of effect sizes indicates that the 
twin with a higher GPS had lower ADHD symptoms than their co-twin (all prediction 






Figure 1. Within- and between-family prediction estimates of eight outcomes using eight genome-wide polygenic scores. Panel A shows 
findings before statistical correction for family socio-economic status (SES), and panel B shows findings after correction for SES. The genome-
wide polygenic scores (GPS) are presented on the y-axis, predicting each of the eight phenotypic traits. Error bars are 95% bootstrap percentile 
intervals based on 10,000 bootstrap samples (random resampling of DZ twin pairs with replacement). Opaque estimates indicate statistical 
significance at the false discovery rate corrected threshold of p < 0.01. Brackets indicate a significant difference between within- and between-
family prediction estimates. Significant differences are only shown where at least one of the estimates is statistically significant at the false 
discovery rate corrected threshold of p < 0.01 (for all prediction estimates and p-values, see Supplementary Tables S6 and S7). The dotted line 
represents a beta coefficient of zero. BMI = Body Mass Index; IQ = Intelligence; GCSE = General Certificate of Secondary Education 




Comparing within-family and between-family polygenic score prediction 
 
By simultaneously and independently estimating within- and between-family GPS 
predictions, it was possible to compare these estimates. Between-family estimates (Figure 
1A) are mostly consistent with GPS correlations reported for unrelated individuals 
(Supplementary Table S2). Figure 1 also shows that between-family associations are 
generally greater than within-family associations. Significant associations were found for 
46.9% of the between-family associations and only 20.3% for within-family associations. On 
average, magnitudes of within-family associations were almost half (44.1% reduction) that 
compared to significant between-family estimates (for all prediction estimates, beta 
difference values and their 95% confidence intervals, and significance of differences see 
Supplementary Table S6). 
 
Notably, significant differences in associations within and between families for polygenic 
scores predicting their target traits were almost exclusively found for IQ and educational 
achievement (Figure 1A). The within-family prediction was significantly lower than 
between-family prediction for both IQ (p = 6.27e-4, D = 48.0%) and GCSE grades (p = 8.45e-14, 
D = 48.9%). Despite not reaching statistical significance, we also observed attenuation of the 
within-family prediction relative to the between-family prediction for height (D = 11.8%), BMI 
(D = 15.1%), self-rated health (D = 45.2%) and neuroticism (D = 80.4%).  
 
Also, for cross-trait associations, differences in within- and between-family polygenic score 
predictions were most pronounced for IQ and educational achievement. For IQ, there were 
significant differences for the EA GPS (p = 7.57e-4, D = 50.1%). For educational achievement, 
there were significant differences for the BMI GPS (p = 8.10e-5, D = 83.3%), the self-rated health 
GPS (p = 4.60e-6, D = 69.5%), the IQ GPS (p = 1.79e-5, D = 37.2%), and the ADHD GPS (p = 4.95e-
5, D = 65.4%). In addition, there was a significant difference in within- and between-family 
prediction for the self-rated health GPS (p = 4.00e-3, D = 71.7%) predicting ADHD symptoms. 
Although not significant, effect size attenuations were also sizeable for other cross-trait 
predictions, such as for the neuroticism GPS predicting BMI (D = 91.2%), or the self-rated 
health GPS predicting schizophrenia symptoms (D = 90.1%) (Supplementary Table S6). 
However for these comparisons, between-family coefficients may not be as reliable as the 
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between-family coefficients that a showed significant difference to their within-family 
estimate, as estimates were considerably smaller to begin with.  
 
The finding that polygenic score prediction estimates of our measured traits are 
substantially smaller within families suggests that the corresponding between-family 
associations are mediated by some combination of family-specific (i.e. shared family) effects, 
population stratification and potentially assortative mating. Family SES, which is the same 
for members of a family, is a predictor not only of educational achievement and IQ, but also 
physical and mental health outcomes. Therefore, we repeated our analyses including family 
SES as a covariate in the model to interrogate its role in between-family GPS prediction. As 
noted above, this analysis was not pre-registered. As shown in Figure 1B, between-family 
predictions were greatly reduced and magnitudes approached those of within-family 
prediction estimates, which did not change (because any shared family effects are already 
controlled for in within-family estimates; for all prediction estimates, beta difference values 
and their 95% confidence intervals, and significance of differences, see Supplementary Table 
S7).  
 
Formal testing of the between-family estimate differences before and after correcting for 
SES indicated significant differences only for cognitive traits (Supplementary Table S8, 
Supplementary Figure S2). For example, there was an average attenuation of 60.9% across 
the within- and between-family comparisons for the GPSs that showed a statistically 
significant difference in their prediction of GCSE grades, which was reduced to 25.8% after 
accounting for SES. Although this is a substantial attenuation, these findings show that 
family SES does not account for all of the observed differences.  
 
We performed additional contrasts, controlling for the SES components parental education 
and parental occupation separately in an attempt to identify more specific potential sources 
of prGE. For GCSE grades and IQ, between-family beta coefficients showed greater 
attenuation when controlling for parental education in comparison with parental 
occupation (Supplementary Tables S9 and S10, Supplementary Figure S3). However, only 
for the educational attainment GPS predicting GCSE grades was the difference between the 
attenuation due to parental education (D = 18.9%) and parental occupation (D = 37.7%) 
statistically significant (p = 6.40e-3) (Supplementary Table S11), indicating that parental 




As a further set of analyses, we applied a multiple regression approach to predict family SES 
using the within- and between-family estimates of the eight GPSs. Family SES acts as a 
control trait as there should be no direct genetic effects from the offspring to family SES, as 
indicated by the within-family effect. Results confirmed that all within-family beta 
coefficients were zero, while between-family estimates were related to family SES 
(Supplementary Table S12). 
 
Sensitivity analyses (not pre-registered) were performed by repeating all analyses separately 
for same-sex and opposite-sex twins (Supplementary Tables S3 and S13 to S16, and 
Supplementary Figures S4 and S5), and for twin pairs grouped by genotyping chip 
(Supplementary Tables S4 and S17 to S20, and Supplementary Figures S6 and S7). In 
addition, we estimated the fixed effects using a SNP-kinship matrix as a random effect to 
control for any unaccounted between-family relatedness (Supplementary Table S21 and 
Supplementary Figure S8). For the different sets of sensitivity analyses described, no 
substantial deviations from the results using the combined sample were found.  
 
We also repeated analyses using GPSs that were calculated based on a fraction of causal 
markers of 0.1 (Supplementary Tables S22 and S23, and Supplementary Figure S9), and using 
GPSs that had the UK Biobank sample (height; BMI) or all British samples (educational 
attainment) removed at the GWA analysis stage (Supplementary Table S24 and 
Supplementary Figure S10). Although prediction estimates were smaller in some cases likely 
due to reduced power, the pattern of within- versus between-family effect size changes 
remained unchanged as indicated by the mostly overlapping 95% confidence intervals of the 




To illustrate within-family differences further, quantile analysis demonstrated how within-
family polygenic score differences related to differences in height, BMI, intelligence and 
GCSE grades (Figure 2). There was an 8.7cm height mean difference (p = 1.28e-11) between the 
lowest absolute difference decile versus the highest difference decile. For BMI, the 
difference was 2.9 BMI points (p = 8.33e-6) between the lowest and the highest absolute GPS 
difference deciles. Mean GCSE grade differences (0.40) were also statistically significant (p = 
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7.13e-5) when comparing the lowest and the highest absolute GPS difference deciles. In 
contrast, intelligence point differences (1.9 points) were not statistically different (p = 0.26) 
between the lowest and the highest absolute GPS difference quantiles (for trait and GPS 




Figure 2. The relationship between absolute dizygotic (DZ) twin pair polygenic score 
decile differences and trait outcome differences. Lower deciles represent small absolute 
genome-wide polygenic score (GPS) differences and higher deciles represent large GPS 
differences between DZ co-twins. Error bars indicate 95% confidence intervals. Each GPS 
decile included the following numbers of twin pairs: Height = 146; BMI = 135; IQ = 157; GCSE 
= 236. Regression through origin analysis (fixed intercept of zero) using the continuous GPS 
difference values to predict outcome differences were significant for height (B = 4.42, p = 
3.73e-53, R2 = 0.148), BMI (B = 1.34, p = 1.73e-21, R2 = 0.064), IQ (B = 2.1, p = 4.53e-7, R2 = 0.015), 





Polygenic score prediction of complex traits is now a common approach in genomics 
research, but the potential pathways by which polygenic score variation predicts phenotypic 
variation remain largely unexplored. In this study, we contrasted within- and between-
family polygenic prediction estimates to quantify the extent to which environmentally-
mediated genetic effects (i.e. passive genotype-environment correlation) are picked up in 
polygenic score analyses. By systematically performing target- and cross-trait analyses 
across eight life outcomes using eight corresponding GPS, we found evidence that prGE 
might be a mechanism explaining a considerable proportion of the GPS prediction in 
cognitive traits (intelligence and educational achievement), but not as much for non-
cognitive traits. We also found that for between-family GPS predictions of cognitive traits – 
but, again, not as much for other traits – family SES is likely to be the major source of prGE. 
 
For the prediction of IQ and educational achievement, within-family estimates were on 
average 60% smaller than between-family estimates. The within- versus between-family 
attenuation for the EA GPS prediction was 49%, which is close to the 40% estimate in GWA 
study effect sizes for years of education (Lee et al., 2018), and the 55% estimate using the same 
EA GPS in a different target sample (Trejo & Domingue, 2019). These findings highlight the 
influence of prGE in the development of IQ and educational achievement, and demonstrate 
the extent to which between-family GPS prediction may be partly driven by prGE effects. 
Results from our study are also in line with adoption studies showing evidence of between-
family prGE in that correlations between home environment and children’s IQ is twice as 
great in non-adoptive families than in adoptive families (Plomin, 1994). Our findings are 
compatible with recent research on genetic nurture, using non-transmitted alleles from 
parental genotypes to assess prGE (Bates et al., 2018; Kong et al., 2018) in terms of GPS target 
trait prediction of educational achievement and anthropometric traits. Our findings also 
extend to cross-trait associations using a wide range of GPSs. Contrary to our prediction that 
within- and between-family EA GPS associations would be significantly different across 
many associated life outcomes, results from cross-trait analysis suggest that within- and 
between-family predictions were only significantly different across a range of GPS for the 




A possible explanation for these results is that IQ and educational achievement show more 
shared environmental influences (24% and 27%, respectively) relative to other traits used in 
this study such as height (10%), BMI (10%), ADHD (2%), or schizophrenia (0%), as estimated 
through a large twin study meta-analysis (Polderman et al., 2015). The type of rGE that we 
assessed in this study – defined as the exposure to a family environment that is correlated 
with both parental and offspring genotypes, and which contributes to sibling similarity in 
their outcomes – is absorbed by the shared environment variance component (‘C’) in 
classical twin analyses (Rijsdijk, 2002). Therefore, it may be more likely that genetic effects 
related to cognitive traits as estimated through GWA studies partly contain prGE effects – in 
contrast to other traits tested in our study – because the shared environmental component 
is larger to begin with for cognitive traits. In TEDS, the C component for the same IQ and 
educational achievement measures used in this study were estimated around 35% (Kovas et 
al., 2013) and 29% (Shakeshaft et al., 2013), respectively.  
 
As known from the existing literature, family SES is strongly genetically correlated with 
offspring cognitive traits (Hill et al., 2016; Krapohl & Plomin, 2016; Trzaskowski et al., 2014), 
rendering it a likely source of prGE. Indeed, our results showed that between-family effects 
were considerably more similar in magnitude to within-family effects when holding SES 
constant, suggesting that SES is a source of the majority of the within-between discrepancy, 
rather than residual population stratification or assortative mating. When controlling for 
parental education and parental occupation separately, we found that between-family effect 
sizes were closer to within-family coefficients for parental education than for occupation. 
However, this difference was only significant for the educational attainment GPS predicting 
GCSE grades, suggesting that parental education is likely a stronger source of prGE than 
parental occupation influencing offspring educational achievement.  
 
Despite the sizeable attenuations after controlling for family SES, we still observed some 
effect size differences when comparing within- and between-family coefficients. For 
example, there was still a 32.5% difference for the IQ GPS predicting IQ and a 13.4% 
difference for the educational attainment GPS predicting GCSE scores. The within-twin pair 
correlations for these GPS indicated assortative mating, which could explain some of this 
remaining discrepancy. Indeed, previous research on genetic nurture indicated that a small 
proportion of the direct genetic effect of the educational attainment polygenic score 
predicting educational attainment captures assortative mating-related effects (Kong et al., 
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2018). The same research also showed genetic nurture effects between siblings using the 
educational attainment GPS (Kong et al., 2018). Such effects may further contribute to the 
within-family effect attenuation, potentially accounting for some of the residual difference 
after controlling for family SES.  
 
The results showed that more distantly-related GPS captured considerable prGE effects in 
cross-trait GPS predictions of cognitive traits. For instance, within-family effect sizes for the 
ADHD GPS predicting educational achievement were significantly smaller (65% reduction), 
in contrast to the ADHD GPS predicting ADHD symptoms, where no difference was 
detected. This suggests that the GWAS for ADHD captures genetic variation that is 
correlated with aspects of the family environment that contribute to the co-development of 
ADHD symptoms and educational achievement, although it is unclear why these effects do 
not appear to contribute to the development of ADHD symptoms themselves.  
 
It is important to go beyond GPS predictions of traits in unrelated individuals to consider 
prGE mechanisms by comparing within- and between-family predictions in order to explain 
the sources of predictions in polygenic score analysis. However, finding between-family 
prGE does not diminish the usefulness of GPS predictions for cognitive traits in unrelated 
individuals, because these prGE effects help maximise the prediction of trait variance. 
Although within-family genetic effects do not include prGE effects due to between-family 
factors such as SES, within-family genetic effects are not free of all kinds of rGE, as 
demonstrated by twin studies showing that correlations between putative measures of the 
environment and children’s specific outcomes are genetically influenced (Plomin, 1994). 
Within-family GPS prediction estimates can be interpreted as direct genetic effects in the 
sense that they stem from the individual level not the family level. Children select, modify 
and create experiences (active rGE), or evoke responses in their environment (evocative rGE) 
that are correlated with their genetic propensities. Therefore, within-family genetic 
differences can relate to trait differences through active or evocative rGE pathways, but are 




The results from this study have three important implications for the interpretation of the 
existing polygenic score literature, as well as for future genetic research. First, the finding 
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that between-family predictions pick up effects due to prGE mostly and substantially in 
cognitive traits is informative for causal inference studies that use designs such as Mendelian 
Randomisation (Smith & Ebrahim, 2005; Smith & Hemani, 2014). Here, a genetic instrument 
that is related to a predictor (in form of a single genetic marker or GPS) is used to assess the 
causal relationship between the predictor and an outcome. At a population level, genotypes 
are not inherited randomly: individuals with particular genotypes are not born into 
environmental conditions at chance. If family environment is associated with the genetic 
instrument as well as the predictor and the outcome, this opens a backdoor path whereby 
predictor and outcome are related through the prGE mechanisms (Pingault et al., 2018). This 
could lead to an assumption violation, therefore biasing causal inference in between-family 
analysis. Only in a within-family design is it ensured that Mendelian Randomisation meets 
its assumptions because transmission of alleles is randomised at meiosis within families, and 
because prGE effects due to shared environment are held constant (Brumpton et al., 2019; 
Pingault et al., 2018; Smith, 2007; Smith & Ebrahim, 2003). Although genetic data for siblings 
are often not available, our results provide a useful guideline for the GPS-outcome 
combinations that are unlikely to suffer from this assumption violation when applying 
designs such as Mendelian Randomisation to unrelated samples. For example, our results 
indicate that caution should be warranted due to prGE mechanisms if applying Mendelian 
Randomisation to cognitive traits, even if family SES is included as a confounder in the 
analyses as confounding effects might not be captured perfectly. On the contrary, other traits 
such as BMI and ADHD (with the possible exclusion of the self-rated health GPS) should be 
less problematic, because within- and between-family effect sizes match closely, ruling out 
potential confounding due to prGE.  
 
Second, our results provide evidence that location-related population stratification is not a 
large bias in GPS prediction of complex traits when controlling for genetic principal 
components in samples from White European backgrounds. As it has been shown that the 
GPS prediction of height is affected by population stratification (Berg et al., 2019), we also 
find an attenuation of around 12% of the within-family coefficient, which is by necessity free 
of population stratification since stratification is constant within a family. When we 
performed our analyses using a GPS for height based on a discovery sample that did not 
include UK Biobank, the attenuation decreased to 5%. This may indicate that the inclusion 
of a large discovery sample genetically similar to the target sample could have resulted in a 
GPS that is more strongly confounded by population stratification – although it is 
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noteworthy that  the 95% confidence intervals of the beta difference values overlap for the 
two height GPSs. For those traits where within- and between-family estimate differences 
were large and significant, differences were greatly reduced after accounting for SES, 
indicating that SES was the main source of the discrepancy, as opposed to location-related 
population stratification. Our additional analyses using a GPS based on GWA analysis that 
had all British samples removed did not show less attenuation, which would be expected if 
population stratification strongly influenced GPS prediction.  
 
Third, our study illustrates the usefulness of obtaining genotypic data on family members, 
since it makes it possible to identify mechanisms of polygenic prediction. Our results 
demonstrate that by analysing DZ co-twins’ genetic data jointly, prGE mechanisms due to 




Although we present the most comprehensive within- and between- family comparison of 
GPS prediction to date, there are limitations to this study. The GWA studies used to generate 
the eight GPS for this study had different statistical power to discover genetic effect sizes due 
to sample size variations and different underlying genetic architectures of the GWA study 
traits. As a result, each of the eight GPSs were differently powered to detect target- and cross-
trait associations, making it difficult to draw direct comparisons across the within- and 
between-family prediction effect sizes. Lack of power may also lead to an inability to detect 
small prGE effects that would become visible with (i) more powerful GPS and (ii) the 
availability of larger DZ twin pair samples. However, we detected prGE effects in cross-trait 
analysis using the ADHD GPS, which is based on the smallest GWAS study sample (~55,000 
individuals), indicating that we had sufficient power to detect at least some of the prGE 
effects.  
 
It is also possible that some important within- and between-family effect differences did not 
reach statistical significance due to insufficient statistical power. While the effect size 
differences in cognitive traits are large, it may be that effects due to prGE, population 
stratification and/or assortative mating are more subtle in other traits. Therefore, our study 
sample, which ranged between 789 and 2,469 DZ twin pairs, may have not had enough power 
to establish the statistical significance of small effect size differences. Notably, GPS 
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predictions were generally small where no significant difference was found between large 
within- versus between-family effect size attenuations. With the availability of more 
powerful GPS in the future, it may be possible to detect such differences statistically.   
 
Another limitation was that we did not have parental genotypes available to directly test the 
influence of non-transmitted parental alleles on offspring outcomes (genetic nurture) (Kong 
et al., 2018). Although the within-family design used in this study accounts for the effects of 
both transmitted and non-transmitted parental alleles on offspring outcomes, it is not 
possible to disentangle these two sources of prGE. Future studies would benefit from 
incorporating parental and sibling genotypes to disentangle the prGE effects through the 
joint analysis of parental and sibling genotypes, which will shed light on how both non-




This study provided strong evidence for prGE mechanisms in polygenic score prediction 
mainly for cognitive traits across a range of different polygenic scores. The implications of 
these findings for future studies depend on their aims. If maximising trait prediction is the 
goal, the use of unrelated samples is valid even in the presence of prGE effects because these 
influences are informative nonetheless. However, if the goal is causal inference and 
explanation, a within-family genetic design is recommended to avoid prGE-related 
confounding. The increasing availability of genotypic data in relatives will become a crucial 
element in genetics research, allowing researchers to disentangle the mechanisms of 
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Chapter 7 – General Summary and Discussion 
Polygenic score analysis has become a popular tool for the investigation of complex human 
traits. It was the aim of this thesis to investigate developmental and multivariate research 
questions, as well as genotype-environment interplay through the use of a broad range of 
polygenic scores analysis approaches and phenotypes.  
This chapter summarises the key findings from the preceding empirical chapters, discusses 
general limitations of the polygenic score approach, elaborates on the broader implications 
of these findings, and provides possible future directions relating to within-family polygenic 
score analysis.  
 
Summary of findings 
 
With increasing statistical power to detect genetic effects between a single nucleotide 
polymorphism (SNP) and trait outcomes due to growing GWA study sample sizes, genome-
wide polygenic score (GPS) analysis has become more powerful. In Chapter 2, a GPS based 
on the largest GWA study for years of education at the time (Okbay et al., 2016), was shown 
to predict educational achievement across development, explaining up to 9.1% of the trait 
variance at age 16. Quantile analyses of the polygenic predictor on educational achievement 
at age 16 indicated a whole school grade difference between the extreme groups. 
Furthermore, the years of education GPS predicted 3.6% of the variance in intelligence, and 
7.3% of the variance in family socioeconomic status (SES). A statistical model applied to test 
the interaction between the GPS and SES on (i) educational achievement at age 16 and (ii) 
intelligence, did not suggest significant interaction effects.  
 
Educational achievement is not only a product of an individual’s intelligence, but also relates 
to personality and motivation. Chapter 3 set out to explore the relationship between the 
years of education GPS and six personality and motivation domains, and was found to 
predict between 0.6% and 3% of the trait variances. Even after controlling for intelligence, 
most of these associations remained significant. Structural equation modelling was applied 
to test the extent to which the GPS accounted for the phenotypic covariance between the six 
domains and educational achievement at age 16, which was found to range between 8% and 
16%. Results relating to the education GPS were contrasted to two personality GPS for 
neuroticism and wellbeing, which were found to be less predictive, explaining between 0.3% 
and 0.7% of the trait variances. The results in Chapter 2 and 3 highlight the strength of the 
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years of education GPS – also relative to other GPS – and illustrate the substantial pleiotropy 
across education and related traits. 
 
Extensive pleiotropy has also been observed across different forms of psychiatric disorders, 
which may be due to their overlapping clinical symptoms and diagnostic criteria. Therefore, 
Chapter 4 investigated a shared genetic psychopathology (p) factor between psychiatric 
disorders, by applying principal component analysis (PCA) on a correlation matrix of GPS 
for psychiatric disorders, and on three genetic correlation matrices derived from three 
genetic methods: linkage disequilibrium score regression (LDSC), genome-wide complex 
trait analysis (GCTA-REML), and family analysis. Results from PCA showed that the first 
principal component explained 22% of the GPS data, 43% of the LDSC data, 35% of the GCTA 
data, and 57% of the family analysis data. Furthermore, all genetic loadings on the first 
principal component were positive across all four methods, indicating that the genetic 
effects for each psychiatric disorder are positively correlated with the latent genetic 
dimension. Overall, findings from Chapter 4 provided strong support for a genetic p factor 
that indexes a general genetic liability to the development of psychiatric disorders.  
 
Chapter 5 and 6 were concerned more specifically with identifying genotype-environment 
correlation (rGE) through GPS analysis. In Chapter 5, evocative rGE in the home 
environment was tested for the relationship between the offspring’s GPS for BMI and their 
parental feeding practices. In unrelated individuals, the GPS was positively associated with 
parental restriction over food intake, and negatively associated with parental pressure to eat 
more food. The magnitudes of effect sizes were almost identical within families when 
performing fixed-effect analysis based on dizygotic (DZ) twin pair data, indicating that the 
observed effect is offspring-driven. Multivariate twin analysis was also employed, and the 
directions of estimated genetic correlations between child BMI and parental feeding 
practices were consistent with those found in GPS analyses.  
 
Another possible application of GPS analysis is the estimation of the passive rGE effect in 
unrelated (i.e. between-family) samples. Parents generate family environments consistent 
with their own genotypes, which in turn facilitate the development of the offspring trait, thus 
inducing a correlation between offspring genotype and family environment. Therefore, GPS 
prediction among unrelated individuals may include contributions from both direct genetic 
effects and also indirect effects due to prGE. In Chapter 6, we applied a random intercept 
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mixed-effects model to DZ twin pair data to simultaneously estimate within- and between-
family GPS predictions for eight GPS predicting each of the eight traits included in the study. 
Target- and cross-trait analyses indicated that polygenic score prediction estimates for 
cognitive traits (intelligence and educational achievement) were on average 60% greater 
between families than within families, smaller, non-significant differences were found for 
non-cognitive traits. The within- and between-family difference for cognitive traits 
disappeared after controlling for SES, suggesting that SES is a major source of between-
family prediction through rGE mechanisms. Overall, findings from Chapter 5 and 6 illustrate 
the different ways in which GPS analysis can be utilised to investigate the genetic mediation 




Limitations specific to each study were discussed within each chapter. The following 
limitations presented are general to the polygenic score approach. 
 
Predictive power of polygenic scores 
 
The ability to predict trait variance in samples using the GPS approach depends on, and is 
limited by, several factors. The maximum possible prediction value is determined by the 
extent to which trait variability in a population is explained by genetic variability (i.e. 
heritability; h2). Although h2pedigree is considered as the upper threshold for additive genetic 
effects, ℎ"#$
%  represents the ceiling for GPS prediction as it is estimated using directly 
measured or imputed SNPs. Currently, ℎ"#$
%  is generally half that of h2pedigree and GPS 
predictions are generally substantially less than ℎ"#$
%  (Wray, Kemper, Hayes, Goddard, & 
Visscher, 2019). This difference can be due to (i) the genetic difference between target sample 
and the discovery sample; (ii) the genetic architecture of the trait, (iii) the target sample size, 
and (iv) the power of the GWA study to accurately estimate individual SNP effects, which 
relates to the measurement errors which are then summed up and included in the GPS 




With increasing GWA study sample sizes, the predictive accuracy of GPSs has improved 
steadily. Therefore, one strategy to improve polygenic trait prediction is to continuously 
increase the GWA study sample sizes as more genotype data become available. 
A further challenge will be to reduce the missing heritability gap between ℎ"#$
%  and h2pedigree 
to push up the ceiling for GPS predictions. A recent study that applied the GCTA-GREML 
approach on whole genome sequencing (WGS) data found that the inclusion of rare genetic 
variation (0.0001 < MAF < 0.001 ) in low LD accounted for the previously missing proportion 
of heritability in height and BMI (Wainschtein et al., 2019). This could mean that GPS 
predictions may not improve considerably until GWA studies are performed on large WGS 
data, and information about rare variation is incorporated in the polygenic predictors. 
Although it has been shown that WGS data can recover much of the missing ℎ"#$
%  for height 
and BMI, it is unclear whether this will apply similarly for behavioural traits, such as 
educational achievement and psychopathology.  
Another potentially important aspect for increasing ℎ"#$
%  may be to direct more focus on the 
validity of phenotype measurements. For example, ℎ"#$
%  is generally low for psychiatric 
disorders (~10%) in samples that are well-powered to detect genetic effects (Cheesman et al., 
2017; Ge, Chen, Neale, Sabuncu, & Smoller, 2017). As shown in Chapter 4 – and in more 
recently emerging research – evidence pointing towards a general genetic liability for 
psychiatric disorder is amassing (Allegrini et al., 2019; Brikell et al., 2018; Grotzinger et al., 
2019; Riglin et al., 2018), which increasingly brings the current classification systems into 
question. As a result, ℎ"#$
% , and thus GPS predictions, might not increase until it is possible 
to capture general and specific risk factors for psychiatric diseases that are empirically 
derived (Conway et al., 2019).  
Potential overestimation of polygenic score predictions 
 
Two potential causes of upward bias in GPS predictions are data overfitting and the presence 
of sample overlap or cryptic relatedness between discovery and target samples. Overfitting 
may occur when performing parameter optimisation for the calculation of a GPS in the 
target sample, and then applying the most predictive GPS in the same sample (Choi, Mak, & 
O'Reilly, 2018). Out-of-sample prediction is a useful approach to guard against overfitting, 
which requires a separate training sample for parameter optimisation and a test sample for 
GPS analysis. If an independent sample is not available, k-fold cross-validation can be 
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applied (Kohavi, 1995). Here, the sample is repeatedly subdivided into training and validation 
data sets with different partitions, resulting in more stable prediction estimates, as 
implemented in Chapter 3.  
 
Another main source of upward bias in polygenic prediction occurs in the presence of 
cryptic relatedness between the target and discovery GWA study sample (Choi et al., 2018; 
Makowsky et al., 2011; Wray et al., 2013). To test for cryptic relatedness between discovery 
and target samples in order to remove individuals with close relatedness, individual-level 
genotypic data are required. However, these data are most commonly not available for the 
discovery sample, and currently no statistical approaches exist to estimate, and adjust for, 
cryptic relatedness based on GWA study summary statistics and individual-level genotype 
target data. With ever-growing GWA study sample sizes, this could become an increasingly 
pressing issue, as it will become gradually more difficult to ensure that discovery and target 
samples are independent.  
 
Generalisability of polygenic prediction to other populations 
 
A current major challenge to GPS prediction is that it is inaccurate when applied to 
individuals from populations that are ancestrally different to the discovery sample. At 
present, around 78% of individuals used for GWA analysis are of white European ancestry 
(Morales et al., 2018). A further 11% of individuals are of Asian ancestry, and only 2.4% and 
1.3% are of African or Hispanic/Latin American ancestry, respectively (Morales et al., 2018). 
In addition to the highly skewed availability of samples with European ancestry, 
ascertainment bias of SNP selection for microarray platforms are also largely based on 
European reference samples, potentially leading to risk misestimation (Kim, Patel, Teng, 
Berens, & Lachance, 2018; La Vega & Bustamante, 2018). The lack of diversity is highly 
problematic, as the accuracy of GPS prediction decreases as a function of population 
differences relating to (i) allele frequencies, and (ii) linkage disequilibrium (Martin et al., 
2017; 2019; Scutari, Mackay, & Balding, 2016). For example, in contrast to white European 
samples: the predictive accuracy of the years of education GPS was 85% lower in African 
Americans (Lee et al., 2018); the predictive accuracy of a schizophrenia GPS was attenuated 
by 90% in African samples (Vassos et al., 2017); and for GPSs relating to anthropometric and 
blood-related traits, predictions were on average ~45% lower in South Asians, ~45% lower in 
Hispanic/Latino Americans,  ~50% lower in East Asians, and ~75% lower in Africans (Martin 
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et al., 2019). These current systematic biases can lead to substantial disparities if polygenic 
prediction is applied to healthcare settings (La Vega & Bustamante, 2018; Martin et al., 2019; 
Popejoy & Fullerton, 2016).  
 
The key to reducing and eliminating this bias towards white European samples is to 
prioritise the ascertainment of large, ancestrally diverse populations. This will make it 
possible to perform ancestry specific GWA studies as the foundation of more predictive GPS 
for currently understudied populations. Early promising results are starting to emerge, 
showing that predictive accuracy of GPSs are consistently higher in independent samples if 
GWA study populations are of the same ancestry (Martin et al., 2019). Efforts to increase 
ancestrally diverse samples are underway, for example the Trans-Omics for Precision 
Medicine (TOPMED) which holds WGS data for ~ 45,000 African Americans and for 
~24,000 Hispanics or Latin Americans (https://www.nhlbiwgs.org), or the East London 
Genes & Health project, which currently includes genotype data for ~35,000 participants of 
South Asian ancestry with the goal to reach 100,000 (Finer et al., 2019). 
 
The availability of ancestrally diverse samples will also aid the identification of causal 
variants. Variants that are rare in European samples may be common in other populations, 
and it has been demonstrated that GWA analysis of non-European samples can be 
considerably more powered to detect effects of causal disease variants that are rare in 
European samples (Estrada et al., 2014; The SIGMA Type 2 Diabetes Consortium, 2013). 
Ultimately, WGS GWA studies could provide most informative data as it also circumvents 
microarray SNP selection bias (La Vega & Bustamante, 2018).  
 
The generalisability of GPS prediction does not only relate to genetic differences across 
populations, but also environmental differences. The ceiling for GPS prediction is ℎ"#$
% ; 
however, h2 is a population estimate that is directly influenced by environmental variance 
within that population (Mostafavi, Harpak, Conley, Pritchard, & Przeworski, 2019). For 
example, both ℎ"#$
%  and GPS predictions of educational attainment were twice as great in 
Estonia for individuals brought up during the post-Soviet era in contrast to individuals 
brought up during the Soviet era due to diminished equality of opportunity during the 




Overall, findings presented as part of this thesis may only be generalisable to the white 
European British population at the specific ages tested, and may not replicate directly in 
other populations with different education, social, or political settings.  
 
Implications and future directions 
 
In the following section, general implications and possible future directions will be 
presented in relation to this thesis.  
 
Polygenic scores for individual trait prediction 
 
The low cost of genotyping means that genotypic data are more widely available for 
research, but also to the individual through direct-to-consumer testing. One of the major 
promises of GPS prediction is that it can be used to identify individual risk and resilience. 
However, it is important to point out the constraints of individual GPS trait prediction, which 
is limited by ℎ"#$
% , the generally low predictive power of the polygenic predictor based on 
the various factors discussed previously, as well as unsystematic environmental effects that 
influence trait outcomes. These factors make achieving accurate individual-specific GPS 
prediction a challenging endeavor.  
 
A more promising approach is to stratify individuals from the study sample into groups 
based on their GPS values, and to draw conclusions about the groups that are at the extremes 
of the distribution based on their average trait values or probabilities. In Chapter 2 it was 
shown that there was a whole school grade difference between individuals that fell within 
the lowest and the highest ~15% of the years of education GPS distribution. In Chapter 6, it 
was demonstrated that this approach can also be applied to perform within-family 
comparisons of how GPS differences relate to trait differences within DZ twin pairs. For 
example, DZ twin pairs that fell into the highest 10% of the within-pair height GPS difference 
distribution showed an average 8.7 cm height difference in comparison to the twin pairs that 
fell into the lowest 10% of the GPS difference distribution.  
 
Stratification based on GPS values has also become a popular approach in polygenic score 
health research (Chatterjee, Shi, & García-Closas, 2016; Chatterjee et al., 2013; Lewis & 
Vassos, 2017; Maher, 2015; Torkamani, Wineinger, & Topol, 2018). The power of this 
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approach has been demonstrated in a recent study that estimated the proportion of the UK 
Biobank sample that was at a three-fold risk to develop coronary artery disease (CAD) (8%), 
atrial fibrillation (6.1%), type 2 diabetes (3.5%), inflammatory bowel disease (3.2%), and breast 
cancer (1.5%) (Khera et al., 2018). The value of polygenic risk stratification becomes 
particularly apparent if compared to risk prediction based on single genetic variation. For 
example, the above study illustrated that the CAD GPS identified 20 times more individuals 
that are at the same or greater risk of developing CAD than single hypercholesterolemia 
mutations that relate to a three-fold increased risk (Khera et al., 2018). Taken together with 
wider information about risk factors relating to the environment, age and sex, polygenic 
scores have the potential to turn precision healthcare into reality (Chatterjee et al., 2016; 
Torkamani et al., 2018).  
 
With polygenic scores rapidly gaining predictive power, it will be imperative to increase the 
awareness and understanding about complex trait genetics amongst the public and 
healthcare professionals if GPS were to be incorporated in healthcare (McBride, Koehly, 
Sanderson, & Kaphingst, 2010; McLaughlin et al., 2014; Sabatello, Chen, Sanderson, Chung, 
& Appelbaum, 2018; Vassy et al., 2014). It is crucial that information about genetic risk can be 
delivered in an effective and accessible way (Kong et al., 2014; McLaughlin et al., 2014), as this 
may determine the level of behavioural adjustment in individuals in response to their 
genetic risk (Sanderson, Waller, Humphries, & Wardle, 2011). 
 
Combining within-family polygenic score variation with family risk information 
 
Family disease history is currently one of the most widely used risk indicator in clinical 
settings (Kong et al., 2014), and is a rough measure of polygenic and environmental risk 
(Dudbridge, Pashayan, & Yang, 2017). Few studies set out to test the clinical utility of GPS 
beyond known family risk in samples of unrelated individuals. For a schizophrenia GPS, a 
significant interaction with family history was found, showing that family history only 
related to substantially higher schizophrenia odds ratios in the top three GPS deciles 
(Agerbo et al., 2015). In contrast, the prediction of heart disease using a CAD GPS was largely 
independent of family risk, highlighting the potential utility of using GPS information in 
addition to family history (Tada et al., 2016). However, the polygenic score only included 50 




Further research is needed to determine the utility of within-family GPS prediction when 
used in combination with known family risk. Although family risk applies equally to all 
siblings within a family, their individual-level genetic risk may differ considerably as their 
identity by descent is on average 0.50, with an expected range at -/+ 2 SDs of 0.40 – 0.60 
(Visscher et al., 2006). As shown in Chapter 6, within-family GPS variation can predict trait 
differences between DZ co-twins for various outcomes. Although no clinical data was 
available for these analyses, the mixed-effects model can be applied to other datasets such 
as the UK Biobank, which includes clinical data for over 22,000 sibling pairs (Bycroft et al., 
2018), as well as data on family history for a range of diseases. To evaluate an improvement 
in disease prediction, a baseline model containing only family history status as a fixed effect 
and a family-level random effect could be compared to the model applied in Chapter 6 with 
the addition of the family history fixed effect, and without the between-family fixed effect as 
the interest is the within-family prediction beyond family risk. If the addition of the within-
family GPS fixed effect produces a significantly higher coefficient of determination (R2) than 
the baseline model, within-family GPS prediction may be a useful addition to family history 
information to inform individual-level disease risk. Depending on the data availability, other 
fixed effects relating to extended family history information can be included, for example 
parental age of onset of disease. 
 
Using multivariate approaches to maximise within-family variance explained 
 
Multivariate approaches to polygenic prediction are continuously developed to improve 
predictive accuracy by leveraging the pervasive pleiotropy across complex traits. For 
example, regularized regression in form of elastic net has been shown to significantly 
improve prediction of cognitive traits and BMI by incorporating over 80 GPS into the model 
(Krapohl et al., 2018). Another approach is to incorporate genetic information at the 
summary statistic level before calculating the GPS, by jointly analysing single SNP effects 
across the genome for multiple, related traits using structural equation modelling 
(Grotzinger et al., 2019). This method increases statistical power for genetic discovery, and 
GPS derived from the resulting summary statistics have been shown to outperform single-
trait GPS (Grotzinger et al., 2019).    
 
These approaches have so far only been applied to data from unrelated samples. As shown 
in Chapter 6, within-family GPS effect sizes can be considerably smaller than between-
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family effects for the prediction of cognitive traits due to effects related to passive genotype-
environment correlation, population stratification and/or assortative mating. Therefore, it 
will be crucial to employ multivariate analyses to improve within-family GPS prediction. A 
systematic comparison between various multivariate approaches would be insightful as to 




In conclusion, the work presented as part of this thesis addressed developmental and 
multivariate research questions, as well as genotype-environment interplay through the use 
of a broad range of polygenic scores analysis approaches and phenotypes. The findings of 
this thesis illustrate the potential of polygenic score analysis across a wide range of complex 
traits. In combination with a variety of patient-specific information, polygenic scores may be 
applied in clinical settings in the near future. However, until then, immense challenges will 
need to be overcome, relating to the predictive power of polygenic scores, the lack of 
diversity, and the public understanding of genomic information. Within-family polygenic 
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Table S1. Representativeness of genotyped TEDS sample 
 








2001 N/A 50% 32% 49% 89% 
TEDS 1st 
contact 5,825 53% 33% 46% 93% 
Note. We used the 2001 UK census data (ONS, 2001; 
https://www.ons.gov.uk/census/2001censusandearlier/aboutcensus2001)  for 
families with children rather than 2011 UK census data for TEDS twins as they 
















	 N Mean SE Mean F SE F Mean M SE M skew min max R2 R2' 
EA 7* 4047 0.05 0.02 0.08 0.02 0.01 0.02 -0.49 -3.96 2.88 <.01 0.02 
EA 12* 2950 0.03 0.02 0.07 0.02 -0.02 0.03 0.4 -3.52 4.85 <.01 0.09 
EA 16 4301 8.92 0.02 9.01 0.03 8.84 0.03 -0.49 4 11 <.01 <.01 
SES* 4958 0.12 0.01 0.14 0.02 0.18 0.02 0.07 -2.6 2.58 N/A N/A 
g comp* 2228 0.11 0.02 0.15 0.03 0.09 0.02 -0.07 -2.71 2.55 nil nil 
g 7* 3559 0.04 0.02 0.05 0.02 0.03 0.03 -0.1 -4 5 nil <.01 
g 12* 3349 0.04 0.02 -0.04 0.02 0.13 0.03 -0.31 -3 3 <.01 0.05 
g 16* 1743 0 0.02 -0.03 0.03 0.04 0.04 0.28 -3 3 <.01 <.01 
Note. N = number of participants; R2 = variance explained by gender differences; R2' = variance explained by age; EA = educational 
achievement; SES = socioeconomic status; g comp = general cognitive ability composite based on g measures at age 7, 12 and 16: g 7 = 
general cognitive ability age 7; g 12 = general cognitive ability age 12; g 16 = general cognitive ability age 16; F = female; M = male; 








Table S3. Study cohorts included in the EduYears GWAS summary statistics  
  
Study Full name Sampling Country Sample 
size 








England 1713 1 1923  
(1903-1948) 
0.71 






Iceland 3212 2 1927  
(1908-1936) 
0.58 
ALSPAC Avon Longitudinal 





England 2877 3 1959  
(1948-1963) 
1.00 




Austria 777 4,5 1932  
(1909-1949) 
0.57 
BASE-II Berlin Aging Study II Population-
based  
Germany 1619 6 1948  
(1925-1983) 
0.52 
CoLaus Cohorte Lausannoise Population-
based 
Switzerland 3269 7 1950  
(1928-1970) 
0.53 
COPSAC2000 Copenhagen Studies on 











Croatia 842 9 1950  
(1909-1977) 
0.64 
deCODE deCODE genetics Population-
based 
Iceland 46758 10 1945  
(1894-1983) 
0.57 




Germany 953 11 1949  
(1929-1974) 
0.53 






England 2578 12 1958  
(1958-1958) 
0.52 
EGCUT1 Estonian Genome 




Estonia 5597 13 1950  
(1905-1980) 
0.55 
EGCUT2 Same as above Population-
based 
Estonia 1328 13 1957  
(1911-1979) 
0.53 
EGCUT3 Same as above Population-
based 
Estonia 2047 13 1966  
(1930-1982) 
0.73 
ERF Erasmus Rucphen 
Family Study 
Family-based Netherlands 2433 14,15 1952  
(1914-1974) 
0.55 
FamHS Family Heart Study Family-based USA 3483 16,17 1941  
(1900-1965) 
0.53 





Finland 1685 18 1946  
(1923-1977) 
0.46 
FTC Finnish Twin Cohort Family-based Finland 2418 19 1945  
(1910-1972) 
0.56 









GRAPHIC Genetic Regulation of 




England 727 21 1951  
(1942-1965) 
0.53 
GS Generation Scotland Population-
based 
Scotland 8776 22 1955  
(1909-1981) 
0.59 
H2000 Cases Health 2000 Case-control 
(Metabolic 
syndrome) 





Same as above Case-control 
(Metabolic 
syndrome) 
Finland 819 23 1949  
(1924-1969) 
0.52 





Finland 1617 24 1941 (1934-1944) 0.57 

















HNRS (Oexpr) Same as above Same as above Germany 1347 25 1942  
(1926-1955) 
0.50 
HNRS (Omni1) Same as above Same as above Germany 778 26 1942  
(1927-1955) 
0.52 




USA 9963 27 1940  
(1900-1979) 
0.42 
Hypergenes Hypergenes Case-control Italy/ UK/ 
Belgium 
815 28 1945  
(1914-1971) 
0.46 
INGI-CARL Italian Network of 




Italy 947 28 1946  
(1910-1975) 
0.58 
INGI-FVG Italian Network of 




Italy 943 29 1951  
(1917-1978) 
0.60 
KORA S3 Kooperative 
Gesundheitsforschung 
in der Region Augsburg 
Population-
based 
Germany 2655 29 1945  
(1920-1964) 
0.51 
KORA S4 Same as above Population-
based 
Germany 2721 30 1949  
(1926-1970) 
0.51 





Scotland 515 31 1921  
(1921-1921) 
0.58 





Scotland 1003 32 1936  
(1936-1936) 
0.49 




Netherlands 12539 33 1960  
(1921-1980) 
0.58 
MCTFR Minnesota Center for 














USA 2313 35,36 1951  
(1914-1976) 
0.50 
MoBa Mother and Child 




Norway 622 37,38 1971  
(1966-1976) 
1.00 




Netherlands 1808 39 1941  
(1923-1972) 
0.50 




(Mental health)  
Netherlands 1820 40 1958  
(1939-1977) 
0.64 




Finland 5297 41,42 1966  
(1966-1966) 
0.52 
NTR Netherlands Twin 
Register 
Family-based Netherlands 5246 43 1958  
(1917-1989) 
0.64 
OGP Ogliastra Genetic Park Population-
based 
Italy 370 44 1950  
(1916-1976) 
0.00 
OGP-Talana Ogliastra Genetic Park-
Talana 
Population-
based (Isolate)  
Italy 544 44 1949  
(1910-1977) 
0.59 
ORCADES Orkney Complex 
Disease Study  
Population-
based (Isolate) 
Scotland 1828 45 1952  
(1914-1979) 
0.60 
PREVEND Prevention of Renal 




Netherlands 3578 46 1948  
(1923-1968) 
0.48 
QIMR Queensland Institute of 
Medical Research 
Family-based Australia 8006 47 1956  
(1900-1984) 
0.59 




Netherlands 6108 48,49 1922  
(1893-1938) 
0.60 
RS-II Rotterdam Study 
Extension of Baseline 
Same as above Netherlands 1667 48,49 1935  
(1906-1944) 
0.52 
RS-III Rotterdam Study 
Young 
Same as above Netherlands 3040 48,49 1950  
(1910-1960) 
0.56 
Rush-MAP Rush University 
Medical Center - 




USA 887 50 1921  
(1901-1948) 
0.72 
Rush-ROS Rush University 
Medical Center - 
Religious Orders Study 
Community-
based 
USA 808 51 1921  
(1896-1946) 
0.66 
SardiNIA SardiNIA Study of 
Aging 








Germany 3556 52 1945  
(1918-1971) 
0.50 




Germany 901 53 1956  
(1928-1980) 
0.57 





Swedish Twin Registry Family-based Sweden 9553 54 1941  
(1916-1958) 
0.53 
THISEAS The Hellenic Study of 
Interactions between 
SNPs & Eating in 
Atherosclerosis 
Susceptibility 









England 4012 56 1949  
(1919-1978) 
1.00 




England 2804 57 1958  
(1958-1958) 
0.48 
YFS The Cardiovascular 









UKB UK Biobank Population-
based 
UK 111349 59 1951 
(1934-1970) 
0.53 
























Note. pT = P-value threshold; 1’Best-fit’ GPS 
for g 16; 2’Best-fit’ GPS for g 7; 3’Best-fit’ GPS 
for g composite; 4’Best-fit’ GPS for g 12; 
5’Best-fit’ GPS for EA 16; 6’Best-fit’ GPS for 
family SES; 7’Best-fit’ GPS for EA 12; 8’Best-
fit’ GPS for EA 7. 
 
 
Table S5. Testing significance of differences of the correlations between EduYears 
GPS and educational achievement at ages 7, 12 and 16. 
 
	 z P-value 
rGPS-EA7   - rGPS-EA12 1.65  0.10 
rGPS-EA12 - rGPS-EA16 3.88 < 0.001 
rGPS-EA7   - rGPS-EA16 6.29 < 0.001 
Note. GPS = EduYears GPS; EA 7 = educational achievement 
age 7; EA 12 = educational achievement age 12; EA 16 = 






Table S6. Correlations among all variables 
 
	 EA 7 EA 12 EA 16 g comp g 7 g 12 g 16 SES GPS 
EA7 1 
        
EA12  0.60*** 1 
       
EA16  0.59***  0.66*** 1 
      
g  0.50***  0.53***  0.61*** 1 
     
g 7  0.45***  0.41***  0.46***  0.76*** 1 
    
g 12  0.44***  0.48***  0.53***  0.83***  0.45*** 1 
   
g 16  0.41***  0.48***  0.58***  0.83***  0.42***  0.59*** 1 
  
SES  0.33***  0.35***  0.46***  0.37***  0.33***  0.34***  0.33*** 1 
 
GPS  0.17***  0.21***  0.30***  0.19***  0.15***  0.19***  0.20***  0.27*** 1 
Note. EA 7 = educational achievement age 7; EA 12 = educational achievement age 12; EA 16 = educational achievement age 16; g comp = general 
cognitive ability composite; g 7 = general cognitive ability age 7; g 12 = general cognitive ability age 12; g 16 = general cognitive ability age 16; SES 
= family socioeconomic status; GPS = genome-wide polygenic score; ***P < 0.001; *unique ‘best-fit’ GPS was used for each respective trait, see 





Table S7. Predicting educational achievement at age 7, 12 and 16 from g, SES and 
EduYears GPS: Multiple Regression Analysis 
 
 Dependent variable: 
  
 EA 7 EA 12 EA 16 
g 0.44*** 0.46*** 0.50*** 
 (0.40 - 0.48) (0.38 - 0.48) (0.45 - 0.52) 
    
SES 0.14*** 0.17** 0.25** 
 (0.09 - 0.19) (0.11 - 0.22) (0.22 - 0.30) 
    
GPS 0.03 0.07* 0.11*** 
 (-0.01 - 0.07) (-0.01 - 0.11) (0.07 - 0.14) 
    
N 1,738 1,035 1,763 
R2 0.27 0.32 0.45 
Adjusted R2 0.27 0.31 0.45 
Residual Std. 
Error 
0.85 (df = 1,734) 0.80 (df = 1,031) 0.72 (df = 1,759) 
F Statistic 
212.50*** (df = 3; 
1,734) 
158.81*** (df = 3; 
1,031) 
474.64*** (df = 3; 
1,759) 
 
Note. Standardized coefficients are presented; 95% Confidence Intervals in 







Table S8. Testing septile extreme group differences at age 7, 12 and 16 for EduYears 








Mean (SE) F d 
EA 7 1,139 -0.26(0.04) 0.25(0.04) 72.84*** 0.51 
EA 12 754 -0.32(0.05) 0.31(0.05) 74.46*** 0.63 
EA 16 1,127 -0.47(0.04) 0.43(0.04) 284.88*** 0.90 
Note. Lower and upper extreme represent lowest and highest GPS septiles; d = 




Table S9. Testing quintile extreme group differences at age 7, 12 and 16 for EduYears 









Mean (SE) F d 
EA 7 1,585 -0.24(0.03) 0.21(0.03) 82.01*** 0.45 
EA 12 1,054 -0.28(0.04) 0.26(0.04) 80.31*** 0.54 
EA 16 1,703 -0.41(0.03) 0.40(0.03) 319.26*** 0.81 
Note. Lower and upper extreme represent lowest and highest GPS quintiles; d = 
Cohen's d; ***P < 0.001; unique ‘best-fit’ GPS was used for each respective trait. 
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 Dependent variable: 
  
 EA 7 EA 12 EA 16 
GPS 0.09*** 0.13*** 0.19*** 
 (0.05 - 0.12) (0.09 - 0.17) (0.16 - 0.22) 
    
SES 0.31*** 0.31*** 0.41*** 
 (0.28 - 0.35) (0.27 - 0.35) (0.40 - 0.46) 
    
GPS*SES -0.01 0.02 -0.02 
 (-0.04 - 0.02) (-0.01 - 0.06) (-0.05 - 0.01) 
    
N 3,848 2,341 3,804 
R2 0.12 0.14 0.25 
Adjusted R2 0.12 0.14 0.25 
Residual Std. 
Error 
0.94 (df = 3,844) 0.92 (df = 2,337) 0.86 (df = 3,800) 
F Statistic 
168.85*** (df = 3; 
3,844) 
124.23*** (df = 3; 
2,337) 
415.80*** (df = 3; 3,800) 
 
Note. Standardized coefficients are presented; 95% Confidence Intervals in 

















 (0.07 - 0.16) 
  
SES 0.37*** 
 (0.32 - 0.41) 
  
GPS*SES -0.03 





Adjusted R2 0.15 
Residual Std. 
Error 
0.92 (df = 1,952) 
F Statistic 118.32*** (df = 3; 1,952) 
Note. Standardized coefficients are presented; 95% Confidence Intervals 














Figure S2. Probability density functions of standardized educational achievement scores age 16 for the lowest EduYears GPS septile 








Figure S3. Testing for GxE interaction 
 
Note. Standardized educational achievement mean scores and error bars at a) age 7 and b) age 12 by EduYears GPS and family SES for 
individuals scoring in the highest and lowest quintiles of the distribution for both variables. No interaction effect was found at either age 7 
(F(1,617) = 0.29, P = 0.59) or age 12 (F(1,362) = 0.06, P = 0.80); unique ‘best-fit’ GPS was used for both traits.  
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Figure S4. EduYears Genome-wide polygenic scores (GPS) explaining variance (R2) in educational achievement 
Note. a) age 7, b) age 12 and c) age 16. Different significance thresholds were used to include SNPs related to years of education ranging from 
0.001 to 0.50. Using high-resolution scoring implemented in the PRSice software61, a series of regression analyses determined the most 
predictive threshold to compute a GPS for educational achievement at all ages. The uncorrected P-values adjacent to each bar represent the 
statistical significance of the association between EduYears GPS and the respective trait; see Supplementary Table S10 for the ‘best-fit’ GPS P-
value threshold for educational achievement at age 7, 12 and 16.    
 
a) EA7         b) EA12                              c) EA16 
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Figure S5. EduYears Genome-wide polygenic scores (GPS) explaining variance (R2) 
 
Note. a) general cognitive ability and b) family SES. Different significance thresholds were used to include SNPs related to years of education 
ranging from 0.001 to 0.50. Using high-resolution scoring implemented in the PRSice software61, a series of regression analyses determined 
the most predictive threshold to compute a GPS for educational achievement at all ages. The uncorrected P-values adjacent to each bar 
represent the statistical significance of the association between EduYears GPS and the respective trait; see Supplementary Table S10 for the 
‘best-fit’ GPS P-value threshold for general cognitive ability and family SES.  
  
  a) General cognitive ability                                 b) family SES 
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Supplementary Methods 
Methods S1.   According to the AVENGEME software62, a GPS constructed on the basis of a  
GWA discovery sample size of 328,918  in our target sample  including 4,301 individuals  
(based on the sample size of the educational achievement measure at age 16) has more than 
80% power to  explain 0.2%  of the phenotypic variance under the following circumstances;  
number of independent SNPs in the GPS = 50,000;  proportion of total variance explained 
by genetic effects in discovery sample = 4%; covariance between genetic effect sizes in the 
discovery and target sample = 2%; proportion of SNPs with no effects on discovery trait = 
99%;  Range of P-values from GWA study summary statistics = 0 – 1. 
159
References 
1. Rabbitt, P. M. A. et al. The University of Manchester Longitudinal Study of Cognition in 
Normal Healthy Old Age, 1983 through 2003. Aging Neuropsychol. Cogn. 11, 245–279 (2004). 
2. Harris, T. B. et al. Age, Gene/Environment Susceptibility-Reykjavik Study: 
multidisciplinary applied phenomics. Am. J. Epidemiol. 165, 1076–1087 (2007). 
3. Fraser, A. et al. Cohort Profile: the Avon Longitudinal Study of Parents and Children: 
ALSPAC mothers cohort. Int. J. Epidemiol. 42, 97–110 (2013). 
4. Schmidt, R. et al. Assessment of cerebrovascular risk profiles in healthy persons: 
definition of research goals and the Austrian Stroke Prevention Study (ASPS). 
Neuroepidemiology 13, 308–313 (1994). 
5. Schmidt, R., Fazekas, F., Kapeller, P., Schmidt, H. & Hartung, H. P. MRI white matter 
hyperintensities: three-year follow-up of the Austrian Stroke Prevention Study. Neurology 53, 
132–139 (1999). 
6. Bertram, L. et al. Cohort profile: The Berlin Aging Study II (BASE-II). Int. J. Epidemiol. 43, 
703–712 (2014). 
7. Firmann, M. et al. The CoLaus study: a population-based study to investigate the 
epidemiology and genetic determinants of cardiovascular risk factors and metabolic 
syndrome. BMC Cardiovasc. Disord. 8, 1 (2008). 
8. Bisgaard, H. The Copenhagen Prospective Study on Asthma in Childhood (COPSAC): 
design, rationale, and baseline data from a longitudinal birth cohort study. Ann. Allergy 
Asthma Immunol. Off. Publ. Am. Coll. Allergy Asthma Immunol. 93, 381–389 (2004). 
9. Rudan, I. et al. ‘10 001 Dalmatians:’ Croatia Launches Its National Biobank. Croat. Med. J. 
50, 4–6 (2009). 
10. Styrkarsdottir, U. et al. Nonsense mutation in the LGR4 gene is associated with several 
human diseases and other traits. Nature 497, 517–520 (2013). 
11. Pfaffenrath, V. et al. Regional variations in the prevalence of migraine and tension-type 
headache applying the new IHS criteria: the German DMKG Headache Study. Cephalalgia 
Int. J. Headache 29, 48–57 (2009). 
12. Strachan, D. P. et al. Lifecourse influences on health among British adults: effects of 
region of residence in childhood and adulthood. Int. J. Epidemiol. 36, 522–531 (2007). 
13. Nelis, M. et al. Genetic Structure of Europeans: A View from the North–East. PLOS ONE 
4, e5472 (2009). 
160
14. Sayed-Tabatabaei, F. A. et al. Heritability of the function and structure of the arterial 
wall: findings of the Erasmus Rucphen Family (ERF) study. Stroke J. Cereb. Circ. 36, 2351–2356 
(2005). 
15. Sleegers, K. et al. Cerebrovascular risk factors do not contribute to genetic variance of 
cognitive function: the ERF study. Neurobiol. Aging 28, 735–741 (2007). 
16. Higgins, M. et al. NHLBI Family Heart Study: objectives and design. Am. J. Epidemiol. 143, 
1219–1228 (1996). 
17. O’Donnell, C. J. et al. Genome-wide association study for coronary artery calcification 
with follow-up in myocardial infarction. Circulation 124, 2855–2864 (2011). 
18. Vartiainen, E. et al. Thirty-five-year trends in cardiovascular risk factors in Finland. Int. 
J. Epidemiol. 39, 504–518 (2010). 
19. Kaprio, J. The Finnish Twin Cohort Study: An Update. Twin Res. Hum. Genet. 16, 157–162 
(2013). 
20. Paternoster, L. et al. Genome-Wide Population-Based Association Study of Extremely 
Overweight Young Adults – The GOYA Study. PLOS ONE 6, e24303 (2011). 
21. Tobin, M. D. et al. Common variants in genes underlying monogenic hypertension and 
hypotension and blood pressure in the general population. Hypertension 51, 1658–1664 (2008). 
22. Smith, B. H. et al. Cohort Profile: Generation Scotland: Scottish Family Health Study 
(GS:SFHS). The study, its participants and their potential for genetic research on health and 
illness. Int. J. Epidemiol. 42, 689–700 (2013). 
23. Aromaa, A. Health and functional capacity in Finland : Baseline results of the Health 2000 
health examination survey. (National Public Health Institute = Kansanterveyslaitos, 2004). 
24. Barker, D. J. P., Osmond, C., Forsén, T. J., Kajantie, E. & Eriksson, J. G. Trajectories of 
growth among children who have coronary events as adults. N. Engl. J. Med. 353, 1802–1809 
(2005). 
25. McEvoy, M. et al. Cohort profile: The Hunter Community Study. Int. J. Epidemiol. 39, 1452–
1463 (2010). 
26. Mahabadi, A. A. et al. The Heinz Nixdorf Recall study and its potential impact on the 
adoption of atherosclerosis imaging in European primary prevention guidelines. Curr. 
Atheroscler. Rep. 13, 367–372 (2011). 
27. Sonnega, A. et al. Cohort Profile: the Health and Retirement Study (HRS). Int. J. Epidemiol. 
43, 576–585 (2014). 
28. Salvi, E. et al. Genomewide association study using a high-density single nucleotide 
polymorphism array and case-control design identifies a novel essential hypertension 
161
susceptibility locus in the promoter region of endothelial NO synthase. Hypertension 59, 248–
255 (2012). 
29. Esko, T. et al. Genetic characterization of northeastern Italian population isolates in the 
context of broader European genetic diversity. Eur. J. Hum. Genet. EJHG 21, 659–665 (2013). 
30. Wichmann, H.-E., Gieger, C., Illig, T. & MONICA/KORA Study Group. KORA-gen--
resource for population genetics, controls and a broad spectrum of disease phenotypes. 
Gesundheitswesen Bundesverb. Ärzte Öffentl. Gesundheitsdienstes Ger. 67 Suppl 1, S26–30 (2005). 
31. Deary, I. J., Whiteman, M. C., Starr, J. M., Whalley, L. J. & Fox, H. C. The impact of 
childhood intelligence on later life: following up the Scottish mental surveys of 1932 and 1947. 
J. Pers. Soc. Psychol. 86, 130–147 (2004). 
32. Deary, I. J. et al. The Lothian Birth Cohort 1936: a study to examine influences on 
cognitive ageing from age 11 to age 70 and beyond. BMC Geriatr. 7, 28 (2007). 
33. Stolk, R. P. et al. Universal risk factors for multifactorial diseases: LifeLines: a three-
generation population-based study. Eur. J. Epidemiol. 23, 67–74 (2008). 
34. Miller, M. B. et al. The Minnesota Center for Twin and Family Research genome-wide 
association study. Twin Res. Hum. Genet. Off. J. Int. Soc. Twin Stud. 15, 767–774 (2012). 
35. Sanders, A. R. et al. No significant association of 14 candidate genes with schizophrenia 
in a large European ancestry sample: implications for psychiatric genetics. Am. J. Psychiatry 
165, 497–506 (2008). 
36. Shi, J. et al. Common variants on chromosome 6p22.1 are associated with schizophrenia. 
Nature 460, 753–757 (2009). 
37. Magnus, P. et al. Cohort profile: the Norwegian Mother and Child Cohort Study (MoBa). 
Int. J. Epidemiol. 35, 1146–1150 (2006). 
38. Irgens, L. M. The Medical Birth Registry of Norway. Epidemiological research and 
surveillance throughout 30 years. Acta Obstet. Gynecol. Scand. 79, 435–439 (2000). 
39. Wetzels, J. F. M., Kiemeney, L. a. L. M., Swinkels, D. W., Willems, H. L. & den Heijer, M. 
Age- and gender-specific reference values of estimated GFR in Caucasians: the Nijmegen 
Biomedical Study. Kidney Int. 72, 632–637 (2007). 
40. Penninx, B. W. J. H. et al. The Netherlands Study of Depression and Anxiety (NESDA): 
rationale, objectives and methods. Int. J. Methods Psychiatr. Res. 17, 121–140 (2008). 
41. Sabatti, C. et al. Genome-wide association analysis of metabolic traits in a birth cohort 
from a founder population. Nat. Genet. 41, 35–46 (2009). 
42. Rantakallio, P. Groups at risk in low birth weight infants and perinatal mortality. Acta 
Paediatr. Scand. 193, Suppl 193:1+ (1969). 
162
43. Boomsma, D. I. et al. Netherlands Twin Register: from twins to twin families. Twin Res. 
Hum. Genet. Off. J. Int. Soc. Twin Stud. 9, 849–857 (2006). 
44. Pistis, G. et al. High Differentiation among Eight Villages in a Secluded Area of Sardinia 
Revealed by Genome-Wide High Density SNPs Analysis. PLOS ONE 4, e4654 (2009). 
45. McQuillan, R. et al. Runs of homozygosity in European populations. Am. J. Hum. Genet. 
83, 359–372 (2008). 
46. Hillege, H. L. et al. Urinary albumin excretion predicts cardiovascular and 
noncardiovascular mortality in general population. Circulation 106, 1777–1782 (2002). 
47. Martin, N. W. et al. Educational Attainment: A Genome Wide Association Study in 9538 
Australians. PLOS ONE 6, e20128 (2011). 
48. Hofman, A. et al. The Rotterdam Study: 2012 objectives and design update. Eur. J. 
Epidemiol. 26, 657–686 (2011). 
49. Estrada, K. et al. GRIMP: a web- and grid-based tool for high-speed analysis of large-scale 
genome-wide association using imputed data. Bioinforma. Oxf. Engl. 25, 2750–2752 (2009). 
50. Bennett, D. A. et al. Overview and findings from the rush Memory and Aging Project. 
Curr. Alzheimer Res. 9, 646–663 (2012). 
51. Bennett, D. A., Schneider, J. A., Arvanitakis, Z. & Wilson, R. S. Overview and findings 
from the religious orders study. Curr. Alzheimer Res. 9, 628–645 (2012). 
52. Pilia, G. et al. Heritability of Cardiovascular and Personality Traits in 6,148 Sardinians. 
PLOS Genet 2, e132 (2006). 
53. Völzke, H. et al. Cohort profile: the study of health in Pomerania. Int. J. Epidemiol. 40, 294–
307 (2011). 
54. Magnusson, P. K. E. et al. The Swedish Twin Registry: establishment of a biobank and 
other recent developments. Twin Res. Hum. Genet. Off. J. Int. Soc. Twin Stud. 16, 317–329 (2013). 
55. Theodoraki, E. V. et al. Fibrinogen beta variants confer protection against coronary 
artery disease in a Greek case-control study. BMC Med. Genet. 11, 28 (2010). 
56. Moayyeri, A., Hammond, C. J., Valdes, A. M. & Spector, T. D. Cohort Profile: TwinsUK 
and Healthy Ageing Twin Study. Int. J. Epidemiol. 42, 76–85 (2013). 
57. Power, C. & Elliott, J. Cohort profile: 1958 British birth cohort (National Child 
Development Study). Int. J. Epidemiol. 35, 34–41 (2006). 
58. Raitakari, O. T. et al. Cohort profile: the cardiovascular risk in Young Finns Study. Int. J. 
Epidemiol. 37, 1220–1226 (2008). 
59. Sudlow, C. et al. UK Biobank: An Open Access Resource for Identifying the Causes of a 
Wide Range of Complex Diseases of Middle and Old Age. PLOS Med 12, e1001779 (2015). 
163
60. Okbay, A. et al. Genome-wide association study identifies 74 loci associated with 
educational attainment. Nature (in press). 
61. Euesden, J., Lewis, C. M. & O’Reilly, P. F. PRSice: Polygenic Risk Score software. 
Bioinformatics 31, 1466–1468 (2015). 
62. Palla, L. & Dudbridge, F. A Fast Method that Uses Polygenic Scores to Estimate the 
Variance Explained by Genome-wide Marker Panels and the Proportion of Variants 






Polygenic score for educational attainment captures DNA variants shared between 
personality traits and educational achievement 
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Methods S1 – Structural equation model of personality domains, GCSE results and 
polygenic scores 
 
To test the extent to which the covariance between personality domains and GCSE results 
are explained by the polygenic scores, we used structural equation modelling. Because we 
assume causality from polygenic score (an aggregate score of DNA variants) to outcome 
variables, we applied the following model to our z-standardized variables: 
 
 
Note. P = personality trait, EA = educational achievement defined as GCSE results, GPS = 
genome-wide polygenic score 
 
Paths a, b and c are the beta effect size parameters. The GPS effect is described by the 
product of a and b, which is the pathway from the causal variable GPS to P, and GPS to EA. 
Path c’ describes the residual relation between P and EA after accounting for the effects of 
the causal variable GPS in P and EA, respectively. The total effect can be derived by 
summing the effects of the residual and the indirect path, described as c’ + ab. To calculate 
the proportion of the total effect that is explained by the causal variable GPS, the effect of 




Table S1 – Descriptive statistics of all variables for the full sample  
 
	 	 Mean (SD) ANOVA of gender ANOVA of age 
	 N Whole sample Males Females F R² F R² 
Academic motivation Composite 3079 0.00 (1.00) -0.02 (0.97) 0.02 (1.02) - - - - 
PISA math self-efficacy 3078 17.53 (5.51) 18.94 (5.00) 16.55 (5.64) 99.66*** 0.05 0.08 <0.01 
PISA math interest 3079 2.53 (0.93) 2.65 (0.90) 2.45 (0.95) 22.9*** 0.01 2.89 <0.01 
PISA time spent on math 3050 4.48 (1.71) 4.48 (1.83) 4.48 (1.63) 0.00 <0.01 0.42 <0.01 
Attitude towards key subjects 3078 2.54 (0.49) 2.52 (0.48) 2.56 (0.49) 2.5 <0.01 1.08 <0.01 
Openness Composite 2881 0.00 (1.00) -0.02 (0.96) 0.01 (1.03) - - - - 
Academic self-concept 2837 3.55 (0.63) 3.65 (0.59) 3.48 (0.64) 35.53*** 0.02 0.14 <0.01 
Ambition 2837 3.89 (0.67) 3.9 (0.64) 3.88 (0.69) 0.55 <0.01 0.01 <0.01 
Curiosity 3221 4.77 (0.9) 4.88 (0.88) 4.70 (0.91) 23.18*** 0.01 0.06 <0.01 
Hopefulness 3227 4.69 (0.72) 4.78 (0.69) 4.63 (0.73) 23.94*** 0.01 1.96 <0.01 
Openness 2803 3.58 (0.58) 3.53 (0.58) 3.62 (0.57) 9.11*** <0.01 1.78 <0.01 
GRIT 2887 3.26 (0.59) 3.21 (0.57) 3.30 (0.61) 11.91*** 0.01 0.91 <0.01 
Optimism 2887 3.23 (0.71) 3.28 (0.69) 3.19 (0.72) 8.89*** <0.01 1.52 <0.01 
Conscientiousness Composite 2713 0.02 (0.99) 0.02 (0.98) 0.02 (0.99) - - - - 
SDQ Hyperactivity 6001 6.45 (2.30) 6.38 (2.30) 6.50 (2.30) 2.96 <0.01 2.30 <0.01 
SWAN Hyperactivity 1313 4.78 (0.99) 4.8 (0.94) 4.77 (1.01) 0.19 <0.01 0.00 <0.01 
SWAN Inattention 1313 4.64 (0.87) 4.62 (0.88) 4.66 (0.86) 0.31 <0.01 1.74 <0.01 
Conscientiousness 2796 3.71 (0.60) 3.62 (0.600) 3.77 (0.59) 27.52*** 0.01 0.00 <0.01 
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Agreeableness Composite 6612 -0.01 (0.99) -0.02 (1.01) 0.00 (0.98) - - - - 
Agreeableness 2798 3.66 (0.56) 3.53 (0.55) 3.75 (0.56) 74.16*** 0.04 0.13 <0.01 
SDQ Prosocial behavior 6001 7.14 (1.93) 6.52 (1.92) 7.63 (1.78) 357.53*** 0.08 0.96 <0.01 
School engagement 3068 3.00 (0.68) 2.98 (0.68) 3.02 (0.67) 2.16 <0.01 0.26 <0.01 
SDQ Conduct scale 6000 8.39 (1.44) 8.29 (1.48) 8.46 (1.41) 13.52*** <0.01 3.09 <0.01 
Gratitude 3229 5.8 (0.84) 5.65 (0.84) 5.91 (0.83) 51.36*** 0.02 0.10 <0.01 
Neuroticism Composite 6008 -0.01 (1.01) -0.02 (0.90) 0.00 (1.08) - - - - 
Cognitive Disorganization 5998 3.93 (2.86) 3.37 (2.73) 4.38 (2.88) 126.06*** 0.03 1.26 <0.01 
CASI anxiety 6004 8.07 (5.96) 6.20 (4.85) 9.53 (6.34) 332.69*** 0.08 0.38 <0.01 
MFQ 6003 3.59 (4.33) 2.56 (3.29) 4.39 (4.85) 183.36*** 0.04 2.32 <0.01 
Subjective happiness 5998 2.88 (0.94) 2.89 (0.91) 2.87 (0.97) 0.18 <0.01 3.80 <0.01 
Life satisfaction 3224 2.40 (0.62) 2.38 (0.58) 2.41 (0.64) 1.76 <0.01 3.21 <0.01 
Peer problems 6001 1.54 (1.51) 1.60 (1.53) 1.48 (1.49) 6.61* <0.01 4.06* <0.01 
Neuroticism 2808 2.58 (0.68) 2.47 (0.64) 2.66 (0.69) 35.82*** 0.02 6.87* <0.01 
Extraversion 2807 0.00 (0.97) -0.01 (0.97) 0.01 (0.97) 0.32 <0.01 0.69 <0.01 
GCSE 8322 -0.01 (1.00) -0.02 (1.02) 0.00 (0.99) 0.79 <0.01 1.71 <0.01 
general cognitive ability 3939 0.01 (0.99) 0.00 (0.98) 0.01 (0.99) - - - - 
EduYears GPS 10346 0.01 (1.00) 0.02 (1.01) 0.00 (0.99) 1.08 <0.01 0.16 <0.01 
Neuroticism GPS 10346 0.01 (1.00) 0.01 (1.01) 0.01 (0.99) 0.02 <0.01 0.10 <0.01 
Wellbeing GPS 10346 0.00 (1.00) 0.00 (0.99) 0.00 (1.01) 0.00 <0.01 0.01 <0.01 
Note: Means and standard deviations for individual measures are calculated based on raw data. Means and standard deviations for domains are 
calculated with z-standardised age and sex regressed data. Values of standard deviation are given in parentheses. + = standardization of the 
individual cognitive scales assessed at age 7, 12 and 16 was required to form this composite. N= sample size after exclusions. For DZ twin pairs, 
ANOVA performed on one randomly selected twin per pair to test the effect of sex and age. Results = F statistic; * = p<.05; ** = p<.01; R2= proportion 
of variance explained. 
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Table S2 – Sensitivity analysis of missingness of personality/motivation composites on socio-
economic status, general cognitive ability, and GCSE grades 
 
Note: SES = socio-economic status; GCSE = General Certificate for Secondary Education; 
present = data is non-missing for the respective composite; missing = data is missing for the 
respective composite. Analyses were performed on unrelated individuals only, where one 
twin per twin pair was randomly selected if data was available on dizygotic twin pairs. 
Degrees of freedom (df) for GCSE analyses = 5,600; df for general cognitive ability analyses 
= 2,676; df for SES analyses = 6,569.   
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Table S3 – Descriptive statistics of all variables for the sample of unrelated individuals 
 
 
N Mean SD Skew Min Max 
Academic motivation 
Composite 2084 0.00 1.00 -0.57 -4.4 2.49 
Openness Composite 1958 0.00 1.00 -0.21 -4.48 3.12 
Conscientiousness 
Composite 1838 0.02 0.99 -0.24 -3.52 2.6 
Agreeableness Composite 4415 -0.01 0.99 -0.62 -4.56 2.62 
Neuroticism Composite 4005 -0.01 1.01 0.89 -2.14 5.37 
Extraversion 1909 0.00 0.97 -0.42 -3.86 2.26 
GCSE 5602 -0.01 1.00 -0.43 -3.63 1.87 
EduYears GPS 7026 0.01 1.00 0.08 -3.49 3.71 
Neuroticism GPS 7026 0.01 1.00 0.04 -5.39 4.34 





Figure S1 – Correlations across all individual measures of personality and motivation, the 
personality/motivation composites and polygenic scores 
 
 
Note: (r.) = recoded so that higher scores were positive, i.e. less conduct problems. Variable 
labels in bold represent composites made up of the succeeding individual scales. * = p < 0.05; 
** = p < 0.001; *** = p < 0.0001.
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Figure S2 – Results from the parallel analysis. 
 
Note: The dotted line represents the point at which the factor eigenvalue in the study 






Figure S3 – Correlations across all polygenic scores and personality/motivation domains 
 
 
Note: 95% confidence intervals of the Pearson’s correlation coefficients shown in square 
brackets. * = p < 0.05; ** = p < 0.001; *** = p < 0.0001. 
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Note: 95% confidence intervals of the Pearson’s correlation coefficients shown in square 





Figure S5 – Correlations across all Neuroticism GPS thresholds and personality/motivation 
domains   
 
 
Note: 95% confidence intervals of the Pearson’s correlation coefficients shown in square 








Figure S6 – Correlations across all Wellbeing GPS thresholds and personality/motivation 
domains 
 
Note: 95% confidence intervals of the Pearson’s correlation coefficients shown in square 






Figure S7 – Correlations between the 2016 EduYears GPS and outcome measures 
 
Note: 95% confidence intervals of the Pearson’s correlation coefficients shown in square 
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Table S1. Publicly available PGC GWA studies used for creation of polygenic scores 
Trait Cases	 Controls Total Sample SNPs in commona Year Published PMID Reference 
SCZ 40675 64643 105318 487423 2018 29483656 1 
BIP 7481 9250 16731 409796 2011 21926972 2 
MDD+ 59851 113154 173005 487423 2018 29700475 3 
ASD 18381 27381 46350 492215 2017 NA 4 
ADHD 20183 35191 55374 469352 2017 NA 5 
OCD 2688 7037 9725 498602 2017 28761083 6 
AN 3495 10982 14477 477354 2017 28494655 7 
PTSD 2424 7113 9537 499383 2017 28439101 8 
Note. a= number of SNPs in common between GWA summary statistics and individual-level genotypes in target sample for 
polygenic score creation. SCZ  = Schizophrenia, BIP = Bipolar Disorder, MDD = Major Depressive Disorder, ASD = Autism 
Spectrum Disorder, ADHD = Attention-Deficit/Hyperactivity Disorder, OCD = Obsessive-Compulsive Disorder, AN =  Anorexia 








Table S2. Liability scale univariate SNP-heritability estimates based on LD-Score Regression 
 
Trait h2 se z-h2 Lambda GC Mean Chi2 Intercept Population prev Sample prev 
SCZ 0.242 0.009 26.889 1.679 1.932 1.063 0.010 0.386 
BIP 0.250 0.023 10.810 1.159 1.183 1.015 0.010 0.447 
MDD 0.091 0.006 15.167 1.237 1.265 0.995 0.150 0.346 
ASD 0.120 0.011 10.909 1.077 1.089 1.007 0.010 0.397 
ADHD 0.223 0.016 13.936 1.270 1.319 1.016 0.050 0.364 
OCD 0.243 0.038 6.460 1.05 1.056 0.993 0.015 0.276 
AN 0.182 0.029 6.313 1.077 1.079 1.009 0.010 0.241 
PTSD 0.132 0.059 2.253 1.017 1.013 0.994 0.080 0.254 
Note. h2 = SNP-heritability derived from LD-Score Regression. z-h2 = z-score heritability (h2/se). Intercept = LDSC intercept. prev = prevalences 
used to calculate h2. Sample prevalence = cases/(cases+controls) based on GWAS. SCZ = Schizophrenia, BIP = Bipolar Disorder, MDD = Major 
Depressive Disorder, ASD = Autism Spectrum Disorder, ADHD = Attention-Deficit/Hyperactivity Disorder, OCD = Obsessive-Compulsive 




Table S3. Liability scale univariate SNP-heritability estimates based on Genome-wide Complex Trait Analysis 
 
Trait h2 se z-h2 Cases Controls Population prev Sample prev 
SCZ 0.230 0.008 28.750 9087 12171 0.01 0.43 
BIP 0.250 0.012 20.833 6704 9031 0.01 0.43 
MDD 0.210 0.021 10.000 9041 9381 0.15 0.49 
ASD 0.170 0.025 6.800 3303 3428 0.01 0.46 
ADHD 0.280 0.023 12.174 4163 12040 0.05 0.26 
Note. h2 = SNP-heritability derived from GCTA as reported in9 . z-h2 = z-score heritability (h2/se). prev = 
prevalences used to calculate h2. Sample prevalence = cases/(cases+controls) based on study sample. 
SCZ  = Schizophrenia, BIP = Bipolar Disorder, MDD = Major Depressive Disorder, ASD = Autism 




Table S4. Results from parallel analysis and initial solutions from unrotated Principal Component Analysis 













Parallel Analysis la 1.003 1.002 1.001 1.001 1.000 1.000 0.999 0.999 
l 4.54 1.35 0.91 0.44 0.36 0.25 0.13 0.02 
Proportion of Variance 0.57 0.17 0.11 0.06 0.05 0.03 0.02 0.00 






Parallel Analysis l - - - - - - - - 
l 2.13 1.19 0.87 0.51 0.3 - - - 
Proportion of Variance 0.43 0.24 0.17 0.1 0.06 - - - 






Parallel Analysis l - - - - - - - - 
l 2.84 1.85 1.14 0.75 0.66 0.33 0.31 0.12 
Proportion of Variance 0.35 0.23 0.14 0.09 0.08 0.04 0.04 0.02 





Parallel Analysis lb 1.065 1.044 1.028 1.014 1.003 0.991 0.978 0.964 
l 1.75 1.22 1.00 1.00 0.88 0.76 0.72 0.68 
Proportion of Variance 0.22 0.15 0.13 0.12 0.11 0.10 0.09 0.09 
Cumulative Proportion 0.22 0.37 0.50 0.62 0.73 0.83 0.91 1.00 
Note. l = Eigenvalue. a Parameters used for parallel analysis: sample size = 3,475,112, variables = 8, repetitions = 1,000. b Parameters used  
for parallel analysis: sample size = 7,026, variables = 8, repetitions = 1,000. PC = principal component. PCs in bold represent the PCs that 
passed the parallel analysis selection criteria9, or the l > 1 criterion where parallel analysis was not possible. 
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Note. l = Eigenvalue. *p £ 1.65x10-41 . aParameters used for parallel analysis: sample size = 7,026, variables = 8, repetitions = 1,000. PC = principal 
component. Values printed in bold indicate factor loadings of ³ |0.30|. 
 
 











Parallel Analysis la 1.065 1.044 1.028 1.014 1.003 0.991 0.978 0.964 
l 1.71 1.19 1.00 0.99 0.88 0.82 0.74 0.68 
Proportion of Variance 0.21 0.15 0.12 0.12 0.11 0.10 0.09 0.09 












SCZ 0.42*  
      
BIP 0.34*  
      
MDD 0.68*  
      
ADHD 0.57*  
      
ASD 0.55*  
      
OCD 0.19*  
      
AN 0.51*  
      
PTSD 0.16* 	 	 	 	 	 	 	 
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Table S6. Genome-wide association study samples used for sensitivity analyses  
 
Trait Cases	 Controls Total Sample SNPs in commona Year Published PMID Reference 
SCZ 9394 12462 21856 378036 2011 21926974 10 
BIP 7481 9250 16731 409796 2011 21926972 2 
MDD 9240 9519 18759 374208 2013 22472876 11 
ASD 5305 5305 10610 498435 2015 28540026 b 
ADHD 2787 2635 5422 377332 2010 20732625 12 
OCD 2688 7037 9725 498602 2017 28761083 6 
AN 3495 10982 14477 477354 2017 28494655 7 
PTSD 2424 7113 9537 499383 2017 28439101 8 
Note. a= number of SNPs in common between GWA summary statistics and individual-level genotypes in target sample for 
polygenic score creation. b=interim release without publication. SCZ  = Schizophrenia, BIP = Bipolar Disorder, MDD = Major 
Depressive Disorder, ASD = Autism Spectrum Disorder, ADHD = Attention-Deficit/Hyperactivity Disorder, OCD = Obsessive-















































 RF1 RF2 RF3 
SCZ 0.86 0.28 -0.02 
BIP 0.84 0.14 -0.06 
MDD 0.75 -0.11 0.17 
ADHD 0.15 -0.39 0.77 
ASD 0.52 -0.30 -0.15 
OCD 0.12 0.86 0.19 
AN 0.10 0.74 -0.21 
PTSD -0.05 0.25 0.91 
Factor 1.00   
Correlations 0.20 1.00  
	 0.18 0.00 1.00 
Note. RF = rotated factor based on oblique (Oblimin) rotation. 	SCZ = 
Schizophrenia, BIP = Bipolar Disorder, MDD = Major Depressive Disorder, 
ASD = Autism Spectrum Disorder, ADHD = Attention-Deficit/Hyperactivity 
Disorder, OCD = Obsessive-Compulsive Disorder, AN = Anorexia Nervosa, 




Figure S1. Original genetic correlation matrix including schizoaffective disorder as 
derived from family analysis 
 
 
Note. SCZ = Schizophrenia, SCZ DIS = Schizoaffective Disorder, BIP = Bipolar Disorder, 
MDD = Major Depressive Disorder, ANX = Anxiety, ADHD = Attention-
Deficit/Hyperactivity Disorder, Drug =  Drug abuse, Alcohol = Alcohol abuse, Crime = 






Methods S1. Genotyping and Quality Control 
 
DNA for 8,122 individuals was extracted from saliva and buccal cheek swab samples and 
hybridized to HumanOmniExpressExome-8v1.2 genotyping arrays at the Institute of 
Psychiatry, Psychology and Neuroscience Genomics & Biomarker Core Facility. The raw 
image data from the array were normalized, pre-processed, and filtered in GenomeStudio 
according to Illumina Exome Chip SOP v1.4. 
(http://confluence.brc.iop.kcl.ac.uk:8090/display/PUB/Production+Version%3A+Illumina+
Exome+Chip+SOP+v1.4). In addition, prior to genotype calling, 919 multi-mapping SNPs and 
501 samples with call rate <0.95 were removed. The ZCALL program was used to augment 
the genotype calling for samples and SNPs that passed the initial QC.  
 
DNA from 3,747 samples was extracted from buccal cheek swabs and genotyped at 
Affymetrix, Santa Clara, California, USA. From this sample, 3,665 samples were successfully 
hybridized to AffymetrixGeneChip 6.0 SNP genotyping arrays 
(http://www.affymetrix.com/support/technical/datasheets/genomewide_snp6_datasheet.pd
f) using experimental protocols recommended by the manufacturer (Affymetrix Inc., Santa 
Clara, CA). The raw image data from the arrays were normalized and pre-processed at the 
Wellcome Trust Sanger Institute, Hinxton, UK for genotyping as part of the Wellcome Trust 
Case Control Consortium 2 (https://www.wtccc.org.uk/ccc2/) according to the 
manufacturer’s guidelines 
(http://www.affymetrix.com/support/downloads/manuals/genomewidesnp6_manual.pdf). 
Genotypes for the Affymetrix arrays were called using CHIAMO 
(https://mathgen.stats.ox.ac.uk/genetics_software/chiamo/chiamo.html).  
 
After initial quality control and genotype calling, the same quality control was performed on 
the samples genotyped on the Illumina and Affymetrix platforms separately using 
PLINK13,14, R15, BCFtools16 and EIGENSOFT17,18.  
 
Samples were removed from subsequent analyses on the basis of call rate (<0.98), suspected 
non-European ancestry, heterozygosity, and relatedness other than dizygotic twin status. 
SNPs were excluded if the minor allele frequency was smaller than 0.5%, if more than 2% of 
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genotype data were missing, or if the Hardy Weinberg p-value was lower than 10-5. Non-
autosomal markers and indels were removed. Association between SNP and the platform, 
batch, plate or well on which samples were genotyped was calculated; SNPs with an effect 
p-value < 10-4 were excluded. The final sample comprised of 10,346 samples, including 7,026 
unrelated individuals from which 3,320 individuals had a genotyped dizygotic co-twin. After 
quality control, genotype data included 4,776 individuals and 559,772 SNPs for the Illumina 
array, and 2,250 individuals and 635,269 SNPs for the Affymetrix array. 
 
Genotypes from the two platforms were separately phased using EAGLE219, and imputed 
into the Haplotype Reference Consortium (release 1.1) using the Positional Burrows-Wheeler 
Transform method20 through the Sanger Imputation Service21. Prior to merging, we 
excluded variants with info <0.75 and removed non-overlapping SNPs between platforms. 
After merging, we tested for minor allele frequency differences between platforms and 
removed SNPs with an effect p-value < 10-4, and Hardy Weinberg p-value < 10-5. Using these 
criteria, 7,363,646 genotyped and well-imputed SNPs were retained for the analyses. In the 
present study, we included unrelated individuals only (N = 7,026). To ease high 
computational demands by the software LDpred22 for polygenic scoring in large samples, we 
further excluded SNPs with info <1, leaving 515,100 SNPs for analysis.  
 
We performed principal component analysis on a subset of 39,353 common (MAF > 5%), 
perfectly imputed (info = 1) autosomal SNPs, after stringent pruning to remove markers in 
linkage disequilibrium (r2	>	0.1) and excluding high linkage disequilibrium genomic regions 





Methods S2. Polygenic score creation using LDpred 
 
To calculate polygenic scores, we used a Bayesian approach, LDpred (version 0.9.0; 
https://github.com/bvilhjal/ldpred/blob/master/ldpred/LDpred.py)22. This method has been 
shown to outperform predictive accuracy of the conventional clumping and p-value 
thresholding approach22. Using LDpred, a posterior effect size for each SNP is derived by re-
weighting the original summary statistic coefficient based on (i) the relative influence of a 
SNP given its level of LD with surrounding SNPs, and (ii) a prior on the effect size of each 
SNP. This prior is dependent on the heritability of the trait, as well as the fraction of markers 
assumed to causally influence the trait. The final GPS is obtained as the sum of the trait-
increasing alleles (each variant coded as 0,1, or 2), weighted by the posterior effect size 
estimates. In contrast to clumping and thresholding, LDpred retains all the SNPs in the 
polygenic score that are common between GWA summary statistics and genotype data in 
the target sample.  
 
LDpred is computationally demanding, especially in large sample sizes with a large number 
of SNPs. Therefore, we restricted our analyses to 515,100 SNPs that were perfectly imputed 
(info score of 1). We applied a causal fraction of 1, which assumes that all SNPs contribute to 
the development of the trait. We decided on using this parameter to improve comparability 
with the other genetic methods used in this study (family analysis, GCTA, LDSC), which do 
not apply assumptions on the number of causally influencing SNPs and consider all genetic 




Methods S3. Component selection criteria  
 
According to the widely used Kaiser criterion9, each PC with an eigenvalue l > 1 represents 
an axis that explains more variance than a single variable itself, suggesting the retention of 
the component. However, randomly, uncorrelated data can produce components with l > 1 
due to chance covariation23. Therefore, we used parallel analysis24 as the main criterion 
where possible. This method relies on the random generation of independent data, based on 
the same parameters as the original data (sample size; number of variables). To pass the 
parallel analysis criterion, eigenvalues from the study data must be larger than the 95th 
percentile of the distribution of the simulated components25. We performed PCAs to 
decompose four correlation matrices, one for each genetic method. Because LDSC and 
GCTA use thousands of SNPs to generate genetic correlations, we could only apply parallel 
analysis to family and GPS data, where the n number of variables used to generate a 
correlation matrix equates the number of variables obtained in the n´n correlation matrix. 
For analysis of GCTA and LDSC data, we therefore used the l > 1 criterion instead. In 
addition, we performed scree plot inspection26 to identify the point of inflection where the 
gradient of the line changes to a levelling-off slope, which signals that the components 
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Methods S1. Genotyping and Quality Control 
 
DNA for 8,122 individuals (including 3,607 dizygotic co-twin samples) was extracted from 
saliva and buccal cheek swab samples and hybridized to HumanOmniExpressExome-8v1.2 
genotyping arrays at the Institute of Psychiatry, Psychology and Neuroscience Genomics & 
Biomarker Core Facility. The raw image data from the array were normalized, pre-
processed, and filtered in GenomeStudio according to Illumina Exome Chip SOP v1.4. 
(http://confluence.brc.iop.kcl.ac.uk:8090/display/PUB/Production+Version%3A+Illumina+
Exome+Chip+SOP+v1.4). In addition, prior to genotype calling, 919 multi-mapping SNPs and 
501 samples with call rate <0.95 were removed. The ZCALL program was used to augment 
the genotype calling for samples and SNPs that passed the initial QC.  
 
DNA from 3,747 samples was extracted from buccal cheek swabs and genotyped at 
Affymetrix, Santa Clara, California, USA. From this sample, 3,665 samples were successfully 
hybridized to AffymetrixGeneChip 6.0 SNP genotyping arrays 
(http://www.affymetrix.com/support/technical/datasheets/genomewide_snp6_datasheet.pd
f) using experimental protocols recommended by the manufacturer (Affymetrix Inc., Santa 
Clara, CA). The raw image data from the arrays were normalized and pre-processed at the 
Wellcome Trust Sanger Institute, Hinxton, UK for genotyping as part of the Wellcome Trust 
Case Control Consortium 2 (https://www.wtccc.org.uk/ccc2/) according to the 
manufacturer’s guidelines 
(http://www.affymetrix.com/support/downloads/manuals/genomewidesnp6_manual.pdf). 
Genotypes for the Affymetrix arrays were called using CHIAMO 
(https://mathgen.stats.ox.ac.uk/genetics_software/chiamo/chiamo.html).  
 
After initial quality control and genotype calling, the same quality control was performed on 
the samples genotyped on the Illumina and Affymetrix platforms separately using PLINK1,2, 
R3, BCFtools4, and EIGENSOFT5,6.  
 
Samples were removed from subsequent analyses on the basis of call rate (<0.98), suspected 
non-European ancestry, heterozygosity, and relatedness other than dizygotic twin status. 
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SNPs were excluded if the minor allele frequency was smaller than 0.5%, if more than 2% of 
genotype data were missing, or if the Hardy Weinberg p-value was lower than 10-5. Non-
autosomal markers and indels were removed. Association between SNP and the platform, 
batch, plate or well on which samples were genotyped was calculated; SNPs with an effect 
p-value < 10-4 were excluded. A total sample of 10,346 samples (including 3,320 dizygotic twin 
pairs and 7,026 unrelated individuals), with 7,289 individuals and 559,772 SNPs genotyped on 
Illumina and 3,057 individuals and 635,269 SNPs genotyped on Affymetrix remained after 
quality control. 
 
Genotypes from the two platforms were separately phased using EAGLE27, and imputed into 
the Haplotype Reference Consortium (release 1.1) using the Positional Burrows-Wheeler 
Transform method8 through the Sanger Imputation Service9. Prior to merging, we excluded 
variants with info <0.75 and removed non-overlapping SNPs between platforms. After 
merging, we tested for minor allele frequency differences between platforms and removed 
SNPs with an effect p-value < 10-4, and Hardy Weinberg p-value < 10-5. Using these criteria, 
7,363,646 genotyped and well-imputed SNPs were retained for the analyses. 
 
We performed principal component analysis on a subset of 39,353 common (MAF > 5%), 
perfectly imputed (info = 1) autosomal SNPs, after stringent pruning to remove markers in 
linkage disequilibrium (r2	>	0.1) and excluding high linkage disequilibrium genomic regions 






Table S1a. Raw descriptive statistics of phenotypic measures in genotyped unrelated individuals 
       Age effects Sex effects 
	 N Mean SD Skew Min Max R2 F R2 F Mean M SD M Mean F SD F 
Height 4442 138.85 9.54 -2.03 50.00 178.00 0.24 1378.9*** <0.01 1.51 139.03 8.58 138.68 10.35 
Height SDS 4279 0.16 1.29 -3.12 -13.94 8.42 <0.01 0.02 <0.01 4.46* 0.21 1.16 0.12 1.39 
Weight 4442 33.55 8.12 1.54 5.00 95.20 0.15 788.05*** <0.01 16.82*** 33.03 7.29 34.03 8.78 
Weight SDS 4306 0.11 1.15 -1.72 -20.13 4.41 <0.01 0.54 <0.01 2.45 0.14 1.05 0.09 1.23 
BMI 4374 17.49 6.9 16.37 2.38 245.54 0.01 34.13*** <0.01 17.39*** 17.04 4.14 17.91 8.91 
BMI SDS 4259 -0.01 1.84 -20.34 -76.70 5.73 <0.01 0.02 <0.01 1.82 0.03 1.19 -0.05 2.28 
Feeding:Pressure 4445 2.46 0.92 0.42 1.00 5.00 <0.01 18.32*** <0.01 9.94*** 2.51 0.94 2.42 0.91 
Feeding:Restriction 4386 3.15 1.03 -0.25 1.00 5.00 0.01 23.66*** <0.01 4.78* 3.19 1.01 3.12 1.04 
Parental BMI 4112 25.91 10.61 13.11 2.58 284.80 - - - - - - - - 
Note. R2 = Variance explained, F = F-statistic of ANOVA (performed on one randomly selected twin per pair). Discrepancies in sample sizes 
between height and weight and their respective SD scores is due to list wise deletion in the construction of SD scores due to missing age.  * = 
p<.05; ** = p<.01; *** = p<.001 
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Table S1b. Raw descriptive statistics of phenotypic measures in genotyped DZ twins 
       Age effects Sex effects 
	 N Mean SD Skew Min Max R2 F R2 F Mean M SD M Mean F SD F 
Height 4330 138.96 9.53 -2.02 52.00 178.00 0.27 757.39*** <0.01 0.96 139.15 9.80 138.75 9.36 
Height SDS 4160 0.21 1.30 -3.16 -13.85 8.42 <0.01 0.51 <0.01 2.27 0.25 1.36 0.17 1.24 
Weight 4310 33.67 8.33 1.53 5.00 98.00 0.17 415.3*** <0.01 3.88 33.20 7.84 33.91 8.73 
Weight SDS 4186 0.15 1.23 -4.09 -28.64 4.41 <0.01 0.58 <0.01 0.29 0.15 1.41 0.12 1.11 
BMI 4254 17.48 5.72 11.29 2.38 139.24 0.01 20.01*** <0.01 2.22 17.24 5.95 17.6 5.32 
BMI SDS 4134 0.00 2.54 -31.40 -118.91 5.60 <0.01 0.40 <0.01 0.71 -0.09 3.96 0.02 1.28 
Feeding:Pressure 4328 2.49 0.94 0.42 1.00 5.00 <0.01 6.35*  <0.01 1.21 2.50 0.94 2.45 0.94 
Feeding:Restriction 4228 3.15 1.03 -0.26 1.00 5.00 <0.01 5.32*  <0.01 0.10 3.16 1.01 3.17 1.03 
Note. R2 = Variance explained, F = F-statistic of ANOVA. Discrepancies in sample sizes between height and weight and their respective SD 
scores is due to list wise deletion in the construction of SD scores due to missing age. Twin pairs with incomplete data were excluded.  * = 
p<.05; ** = p<.01; *** = p<.001. The sample includes all DZ pairs (same sex and opposite sex); the N includes the total number of individual DZs. 
 
 
Table S1c – Raw descriptive statistics of phenotypic measures in twins for twin modelling by zygosity  
 N 
Sample 
Mean Mean m Mean f MZm MZf DZm DZf DZos sex zygosity 
sex x 
zygosity R2 
BMI 8630 17.50 (6.92) 17.12 (4.75) 17.86 (8.45) 17.08 (4.74) 18.15 (11.43) 17.11 (4.00) 17.70 (6.03) 17.41 (5.53) 15.61*** 1.71 5.73 <0.01 
BMI SDS 8406 -0.02 (2.15) 0.01 (2.23) -0.04 (2.07) 0.03 (1.18) -0.02 (1.27) 0.05 (1.24) -0.05 (2.40) -0.06 (3.10) 1.50 0.92 0.64 <0.01 
Pressure 8750 2.46 (0.92) 2.50 (0.93) 2.42 (0.92) 2.43 (0.91) 2.40 (0.90) 2.56 (0.93) 2.41 (0.91) 2.49 (0.94) 5.33* 0.00 3.30 <0.01 
Restriction 8582 3.15 (1.02) 3.18 (1.01) 3.13 (1.03) 3.16 (1.02) 3.10 (1.04) 3.20 (1.00) 3.13 (1.04) 3.18 (1.01) 4.17* 0.00 2.27 <0.01 
Note. Means for phenotypic measures and standard deviations in brackets. MZ = monozygotic; DZ = dizygotic; m = male; f = female; os = 
opposite sex. F-statistics reported for sex, zygosity and sex*zygosity interaction. R2 = variance explained by sex, zygosity and their interaction 
(ANOVA). Twin pairs with incomplete data and missing information about zygosity were excluded, which explains slight sample size 




Table S2a. Descriptive statistics of cleaned phenotypic measures (regressed onto age and sex) in unrelated individuals 
 
       Age effects Sex effects 
	 N Mean SD Skew Min Max R2 F R2 F Mean M SD M Mean F SD F 
Height 4279 -0.01 1.00 -3.37 -11.89 5.73 <0.01 0.00 <0.01 0.00 -0.01 0.89 -0.01 1.09 
Height SDS 4228 -0.02 1.00 0.09 -4.50 3.77 <0.01 0.26 <0.01 0.50 -0.03 0.98 -0.01 1.02 
Weight 4306 -0.01 0.99 1.72 -4.36 7.70 <0.01 0.04 <0.01 0.04 -0.01 0.89 -0.01 1.08 
Weight SDS 4228 -0.01 1.00 0.11 -4.02 3.44 <0.01 0.00 <0.01 0.03 -0.01 0.97 -0.01 1.02 
BMI 4228 -0.01 0.99 2.18 -2.03 9.94 <0.01 0.10 <0.01 0.00 0.00 0.88 -0.01 1.08 
BMI SDS 4228 0.00 0.99 0.14 -3.67 3.78 <0.01 0.11 <0.01 0.12 0.00 0.97 -0.01 1.01 
Feeding:Pressure 4317 0.00 0.99 0.41 -1.74 2.86 <0.01 0.00 <0.01 0.12 0.00 1.01 -0.01 0.98 
Feeding:Restriction 4257 0.00 1.00 -0.24 -2.26 1.95 <0.01 0.14 <0.01 0.79 0.01 0.99 -0.01 1.01 
Parental BMI 3903 2.97 0.22 0.52 2.14 3.87 - - - - - - - - 
Note. R2 = Variance explained, F = F-statistic of ANOVA. Discrepancies in sample sizes between height and weight and their respective SD scores is due to 




Table S2b. Descriptive statistics of cleaned phenotypic measures (regressed onto age and sex) in DZ twins 
 
       Age effects Sex effects 
	 N Mean SD Skew Min Max R2 age R2 F Mean M SD M Mean F SD F 
Height 4160 0.03 1.00 -3.24 -11.25 5.73 <0.01 0.72 <0.01 0.00 0.02 1.02 0.02 0.97 
Height SDS 4086 0.03 1.00 0.08 -3.05 3.76 <0.01 0.48 <0.01 1.16 0.06 0.98 0.01 1.01 
Weight 4186 0.03 1.02 1.72 -4.36 7.98 <0.01 0.91 <0.01 0.09 0.03 0.96 0.01 1.06 
Weight SDS 4086 0.03 1.01 0.10 -4.33 3.61 <0.01 1.17 <0.01 0.18 0.03 0.99 0.01 1.02 
BMI 4086 0.02 1.01 2.04 -2.33 8.84 <0.01 0.84 <0.01 0.02 0.01 0.97 0.01 1.05 
BMI SDS 4086 0.02 1.01 0.09 -4.17 3.65 <0.01 0.91 <0.01 0.06 0.00 1.02 0.01 1.03 
Feeding:Pressure 4208 0.02 1.01 0.42 -1.74 2.86 <0.01 0.01 <0.01 0.36 -0.01 1.01 0.02 1.02 
Feeding:Restriction 4110 0.00 1.00 -0.26 -2.26 1.93 <0.01 0.43 <0.01 1.84 -0.03 0.98 0.03 1.00 
Note. R2 = Variance explained, F = F-statistic of ANOVA (performed on one randomly selected twin per pair). Discrepancies in sample sizes 
between height and weight and their respective SD scores is due to list wise deletion in the construction of SD scores due to missing age. Twin 
pairs with incomplete data were excluded. * = p<.05; ** = p<.01; *** = p<.001. The sample includes all DZ pairs (same sex and opposite sex); the 
N includes the total number of individual DZs. 
 




Mean Mean M Mean F MZm MZf DZm DZf DZos sex zygosity 
sex x 
zygosity R2 
BMI 8318 -0.00 (0.99) -0.00 (0.91) -0.00 (1.06) -0.03 (0.83) -0.04 (1.05) 0.02 (0.92) 0.03 (1.08) 0.01 (1.03) 0.48 1.24 0.98 <0.01 
BMI SDS 8318 0.00 (1.00) 0.00 (0.99) -0.00 (1.01) -0.00 (0.95) -0.03 (0.99) 0.02 (0.99) 0.02 (1.05) 0.00 (1.01) 0.14 0.22 0.65 <0.01 
Pressure 8498 0.00 (1.00) -0.00 (1.01) 0.00 (0.99) -0.07 (0.99) -0.03 (0.97) 0.08 (1.01) -0.01 (0.99) 0.03 (1.02) 0.04 1.07 1.39 <0.01 
Restriction 8332 -0.00 (1.00) -0.00 (0.99) 0.00 (1.01) -0.01 (1.00) -0.03 (1.01) 0.02 (0.98) -0.00 (1.03) 0.02 (0.99) 0.06 0.36 0.67 <0.01 
Note. Means for phenotypic measures and standard deviations in brackets. MZ = monozygotic; DZ = dizygotic; m = male; f = female; os = 
opposite sex. F-statistics reported for sex, zygosity and sex*zygosity interaction. R2 = variance explained by sex, zygosity and their interaction 
(ANOVA). Twin pairs with incomplete data and missing information about zygosity were excluded, which explains slight sample size 
deviations in comparison to unrelated genotyped samples. * = p<.05; ** = p<.01; *** = p<.001 
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Table S4. Fit statistics for the multivariate model including child BMI SDS, parental pressure and parental restriction 
	 	 ep -2LL  df AIC c2 df diff p 
Saturated model  135 55259.58 24175 6909.58 - - - 
Saturated model Saturated model constrained 39 55350.98 24271 6808.98 91.41 96 0.61 
Saturated model Constrained ACE model with scalar 27 55401.70 24283 6835.70 50.72 12 1.04x10-06 
ACE model with scalar ACE model no scalar 24 55403.00 24286 6831.00 1.30 3 0.73 
ACE model no scalar AE model no scalar  18 56242.27 24292 7658.27 839.26 6 5.05x10-178 
ACE model no scalar CE model no scalar 18 57814.38 24292 9230.38 2411.37 6 0.00 
ACE model no scalar E model no scalar 12 67792.80 24298 19196.80 12389.79 12 0.00 
Note. ep = estimated parameters; -2LL = -2 log likelihood; df = degrees of freedom; AIC = Akaike Information Criterion. An ACE model 
without scalar (no sex-limitation) provided best fit.  
 







































Note. ACE estimates are based on no sex-limitation models (for details see Supplementary Table S4).  
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Table S5. Phenotypic, genetic, shared environmental, non-shared environmental correlations and 95% confidence intervals 
 
 rP [95% CI] rA [95% CI] rC [95% CI] rE [95% CI] 







 [-0.11, 0.23] 
0.20 
[0.15, 0.25] 







 [0.28, 0.98] 
-0.29 
[-0.34, -0.25] 










 Note. rP = Phenotypic correlation; rA = genetic correlation; rC = shared environmental correlation;  








Figure S1. Correlations across all GPS and phenotypic measures 
 
 
Note. Diagonals of Genome-wide Polygenic Scores (GPS) show number of SNPs included 
in each respective score. 
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Methods S1. Polygenic score calculation  
To calculate polygenic scores, we used a Bayesian approach to polygenic score calculation, 
implemented in the software LDpred1. In comparison with conventional clumping and p 
value thresholding approaches, LDpred has demonstrated an improvement in predictive 
accuracy1. Through this method, a posterior effect size is calculated for each single SNP that 
is present in both the GWA study summary statistics and the target genotype sample (see 
Supplementary Table S2 for number of overlapping SNPs). To calculate the posterior effect 
size, the original summary statistic effect size estimates are adjusted based on two factors: (a) 
the relative influence of a SNP given its level of LD with surrounding SNPs in the target 
sample (here TEDS), and (b) a prior on the effect size of each SNP. To account for LD, we set 
the radius to a 2 megabase window. The effect size prior depends on the SNP-heritability of 
the discovery (i.e., GWA study) trait and an assumption on the fraction of causal markers 
believed to influence the discovery trait. Using the prior, the beta effect sizes are reweighted 
such that the effects are spread out among the SNPs across the whole genome in proportion 
to the LD present among these SNPs. To accommodate the high computational demands of 
these calculations, we reduced our genotype data set to SNPs that had perfect imputation 
scores (info = 1), leaving 515,100 SNPs for analysis. In the next step, all trait-associated alleles 
were counted (0, 1, or 2 for each SNP), weighted by the posterior SNP effect size obtained 










Table S1. Descriptive statistics, age and sex effects for phenotypes 
 N Pairs Mean SD Skew Min Max F sex P sex R2 sex F age P age R2 age P order R2 order  
Height 1,463 171.997 10.457 0.142 132 211 1,460.639 < 0.001 0.500 0.855 0.355 0.001 0.174 <0.001  
BMI 1,353 23.495 4.676 1.520 12.061 47.477 0.002 0.964 <0.001 16.470 < 0.001 0.012 0.918 <0.001  
Self-rated Health 1,494 3.480 0.672 -0.330 1.000 5.000 8.188 0.004 0.005 1.457 0.228 0.001 0.987 <0.001  
IQ 1,569 0.117 0.954 -0.242 -3.441 3.040 7.277 0.007 0.005 104.278 < 0.001 0.062 0.125 <0.001  
GCSE 2,366 8.952 1.194 -0.330 4.670 11.000 1.814 0.178 <0.001 4.49 0.034 0.001 0.487 <0.001  
Neuroticism 789 2.583 0.655 0.280 1.000 5.000 31.894 < 0.001 0.039 2.202 0.138 0.003 0.740 <0.001  
ADHD Symptoms 2,469 0.063 1.002 1.357 -1.371 5.066 159.896 < 0.001 0.061 16.877 < 0.001 0.007 0.073 <0.001  
SCZ Symptoms 1,140 -0.026 0.705 1.560 -0.816 4.093 2.041 0.153 0.002 6.122 0.013 0.005 0.858 <0.001  
SES 2,962 0.209 0.994 0.046 -2.351 2.495 -- -- -- -- -- -- -- --  
Note. Means and standard deviations for individual measures are calculated based on raw data. Height, BMI, self-reported health, GCSE 
grades and neuroticism means and standard deviations are reported on their original scale. IQ, ADHD symptoms, schizophrenia symptoms 
and socioeconomic status are reported on the z-scale as standardization was required to form the composite. Sex, age and birth order tests 
were performed on one randomly selected twin per pair. R2= proportion of variance explained. Order = birth order; BMI = Body Mass Index; 
IQ = Intelligence; GCSE = General Certificate of Secondary Education (educational achievement); ADHD = Attention-Deficit/Hyperactivity 







Table S2. GWAS used for polygenic score calculation 
 





BMI2 2018 22.4% (3.7%)2 10.2%2  - - 681,275 424,816 - 
Height2 2018 48.3% (3.7%)2 24.4%2 - - 693,529 427,030 - 
Self-rated health3 2018 13% (0. 6%)4 -- - - 337,199 499,422 - 
Intelligence5 2018 19% (1%)5 6.7%6 - - 266,453 497,059 GWAS re-run 
excluding TEDS 
sample (3,414) 
Educational Attainment7 2018 12.2% (0.3%)7 11.4% 7 - - 766,345 496,633 - 
Neuroticism8 2017 10.8% (0.5%)8 2.8% 8 - - 329,821 500,849 - 
ADHD9 2019 21.6% (1.4%)9 5.5%9 20,183 35,191 55,374 469,352 - 
Schizophrenia10 2018 20% (0.6%)10  5.7%10 40,675 64,643 105,318 487,423 - 






Table S3. Intraclass coefficients for same-sex and opposite-sex twin pairs 
 
 Same-sex twin pairs Opposite-sex twin pairs 
Phenotype N pairs ICC ICC 95% CI L ICC 95% CI U N pairs ICC ICC 95% CI L ICC 95% CI U 
Height 789 0.435 0.365 0.518 674 0.443 0.367 0.534 
BMI 733 0.339 0.271 0.424 620 0.286 0.215 0.381 
Self-rated Health 805 0.182 0.124 0.266 689 0.083 0.036 0.193 
IQ 824 0.451 0.381 0.532 745 0.386 0.316 0.47 
GCSE 1,220 0.579 0.517 0.647 1,146 0.585 0.521 0.656 
Neuroticism 429 0.084 0.025 0.282 360 0.123 0.054 0.281 
ADHD 
Symptoms 1,285 0.328 0.275 0.391 1,184 0.317 0.262 0.382 
SCZ Symptoms 613 0.308 0.235 0.403 527 0.194 0.124 0.302 
Note. BMI = Body Mass Index; IQ = Intelligence; GCSE = General Certificate of Secondary Education (educational achievement); ADHD = 
Attention-Deficit/Hyperactivity Disorder; SCZ = Schizophrenia symptoms; EA = Educational Attainment; Neurot = Neuroticism; ICC = 





Table S4. Intraclass coefficients for twin pairs split by genotyping chip 
 
 Twin pairs with both twins genotyped on OEE  
Twin pairs with one twin genotyped on OEE and the 
other twin genotyped on Affy 
Phenotype N pairs ICC ICC 95% CI L ICC 95% CI U N pairs ICC ICC 95% CI L ICC 95% CI U 
Height 650 0.401 0.326 0.492 813 0.468 0.398 0.549 
BMI 603 0.331 0.257 0.426 750 0.297 0.232 0.381 
Self-rated Health 665 0.172 0.111 0.267 829 0.107 0.056 0.201 
IQ 510 0.391 0.308 0.496 1059 0.437 0.376 0.508 
GCSE 1050 0.57 0.504 0.644 1316 0.59 0.531 0.656 
Neuroticism 304 0 0 0 485 0.167 0.098 0.284 
ADHD 
Symptoms 1047 0.312 0.255 0.382 1422 0.329 0.278 0.388 
SCZ Symptoms 490 0.241 0.165 0.35 650 0.263 0.195 0.356 
Note. BMI = Body Mass Index; IQ = Intelligence; GCSE = General Certificate of Secondary Education (educational achievement); ADHD = 
Attention-Deficit/Hyperactivity Disorder; SCZ = Schizophrenia symptoms; EA = Educational Attainment; Neurot = Neuroticism; ICC = 





Table S5. Intraclass coefficients  
 
Phenotype N pairs ICC ICC 95% CI L ICC 95% CI U 
 
Height 1,463 0.439 0.386 0.498 
BMI 1,353 0.317 0.265 0.379 
Self-rated Health 1,494 0.136 0.093 0.199 
IQ 1,569 0.422 0.371 0.479 
GCSE 2,366 0.582 0.537 0.63 
Neuroticism 789 0.103 0.055 0.193 
ADHD Symptoms 2,469 0.323 0.285 0.366 
SCZ Symptoms 1,140 0.254 0.201 0.32 
     
Note. BMI = Body Mass Index; IQ = Intelligence; GCSE = General Certificate of Secondary 
Education (educational achievement); ADHD = Attention-Deficit/Hyperactivity Disorder; 
SCZ = Schizophrenia symptoms; ICC = Intraclass coefficient; CI = Confidence Interval.
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Table S6. Within- and between-family prediction estimates  
pheno GPS beta.B L.CI.B U.CI.B P.B beta.W L.CI.W U.CI.W P.W TotEff PercRed BetaDiff Diff.L.CI Diff.U.CI P.diff 
ADHD ADHD 0.111 0.082 0.14 6.80e-09 0.124 0.077 0.171 1.50e-07 0.12 -11.53 -0.013 -0.069 0.042 0.672 
ADHD BMI 0.093 0.065 0.121 6.92e-07 0.038 -0.008 0.084 0.114 0.055 59.67 0.056 0.002 0.109 0.066 
ADHD EA -0.118 -0.145 -0.09 1.40e-10 -0.14 -0.193 -0.09 3.09e-08 -0.133 -18.66 0.022 -0.035 0.081 0.48 
ADHD Height -0.02 -0.049 0.008 0.288 0.017 -0.028 0.061 0.464 0.005 187.39 -0.037 -0.089 0.015 0.217 
ADHD IQ -0.106 -0.134 -0.077 1.22e-08 -0.122 -0.169 -0.074 6.38e-07 -0.117 -14.64 0.016 -0.039 0.071 0.612 
ADHD Neurot 0.044 0.015 0.073 0.021 0.052 0.008 0.098 0.023 0.05 -18.17 -0.008 -0.06 0.044 0.788 
ADHD SCZ -0.001 -0.03 0.028 0.963 0.039 -0.007 0.083 0.107 0.026 4,500.79 -0.039 -0.093 0.013 0.195 
ADHD SRH -0.125 -0.152 -0.097 2.78e-11 -0.035 -0.083 0.013 0.151 -0.064 71.72 -0.09 -0.145 -0.035 0.004 
BMI ADHD 0.068 0.03 0.105 0.008 0.059 -0.004 0.121 0.064 0.062 12.72 0.009 -0.064 0.082 0.833 
BMI BMI 0.35 0.313 0.385 2.35e-46 0.297 0.239 0.356 1.76e-21 0.312 15.11 0.053 -0.015 0.122 0.171 
BMI EA -0.113 -0.152 -0.074 9.69e-06 -0.066 -0.136 0.001 0.053 -0.081 40.95 -0.046 -0.124 0.032 0.279 
BMI Height -0.047 -0.085 -0.012 0.056 -0.032 -0.097 0.034 0.319 -0.037 32.93 -0.016 -0.091 0.058 0.699 
BMI IQ -0.048 -0.085 -0.009 0.058 0.01 -0.058 0.077 0.76 -0.008 120.87 -0.058 -0.134 0.022 0.161 
BMI Neurot -0.081 -0.119 -0.041 0.002 -0.007 -0.067 0.05 0.821 -0.03 91.22 -0.074 -0.144 -0.001 0.07 
BMI SCZ -0.05 -0.091 -0.01 0.049 -0.055 -0.118 0.007 0.085 -0.054 -9.63 0.005 -0.068 0.079 0.906 
BMI SRH -0.143 -0.183 -0.103 3.20e-08 -0.133 -0.195 -0.075 3.56e-05 -0.136 6.62 -0.009 -0.079 0.064 0.818 
GCSE ADHD -0.176 -0.207 -0.145 7.32e-17 -0.061 -0.098 -0.025 0.001 -0.127 65.37 -0.115 -0.163 -0.068 4.95e-05 
GCSE BMI -0.135 -0.166 -0.104 1.88e-10 -0.023 -0.061 0.016 0.239 -0.087 83.25 -0.112 -0.162 -0.063 8.10e-05 
GCSE EA 0.418 0.391 0.445 1.60e-98 0.214 0.175 0.251 2.22e-26 0.323 48.93 0.205 0.157 0.252 8.45e-14 
GCSE Height 0.033 0.002 0.065 0.108 0 -0.039 0.039 0.982 0.019 101.31 0.034 -0.016 0.083 0.233 
GCSE IQ 0.32 0.292 0.349 6.21e-55 0.201 0.163 0.239 7.24e-25 0.268 37.21 0.119 0.071 0.167 1.79e-05 
GCSE Neurot -0.074 -0.108 -0.041 5.26e-04 -0.061 -0.097 -0.025 8.86e-04 -0.069 18.4 -0.014 -0.063 0.036 0.627 
GCSE SCZ 0.039 0.007 0.07 0.063 -0.017 -0.055 0.022 0.378 0.016 143.24 0.056 0.007 0.105 0.049 
GCSE SRH 0.188 0.157 0.219 4.93e-19 0.057 0.019 0.096 0.003 0.132 69.51 0.131 0.081 0.181 4.60e-06 
SRH ADHD -0.056 -0.091 -0.022 0.014 -0.071 -0.137 -0.005 0.038 -0.069 -27.06 0.015 -0.059 0.091 0.713 
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SRH BMI -0.107 -0.141 -0.073 2.07e-06 -0.011 -0.076 0.054 0.752 -0.023 89.87 -0.096 -0.169 -0.024 0.019 
SRH EA 0.069 0.035 0.103 0.002 0.079 0.011 0.148 0.031 0.078 -14.17 -0.01 -0.087 0.066 0.819 
SRH Height 0.062 0.028 0.097 0.004 -0.008 -0.075 0.056 0.806 0.001 113.56 0.071 -0.003 0.143 0.082 
SRH IQ 0.022 -0.013 0.057 0.316 0.027 -0.045 0.099 0.445 0.026 -20.82 -0.005 -0.084 0.075 0.911 
SRH Neurot -0.08 -0.114 -0.045 4.45e-04 -0.014 -0.078 0.05 0.671 -0.023 82.2 -0.066 -0.139 0.006 0.104 
SRH SCZ -0.043 -0.078 -0.009 0.057 -0.038 -0.106 0.029 0.267 -0.039 10.71 -0.005 -0.081 0.071 0.911 
SRH SRH 0.138 0.105 0.172 1.06e-09 0.076 0.009 0.146 0.03 0.083 45.16 0.062 -0.016 0.139 0.133 
Height ADHD -0.035 -0.076 0.006 0.176 -0.057 -0.112 -0.001 0.042 -0.047 -60.85 0.021 -0.048 0.09 0.574 
Height BMI -0.021 -0.06 0.019 0.414 0.025 -0.028 0.079 0.368 0.005 219.22 -0.046 -0.114 0.021 0.224 
Height EA 0.034 -0.006 0.073 0.181 -0.004 -0.063 0.057 0.888 0.013 112.35 0.038 -0.032 0.109 0.33 
Height Height 0.465 0.433 0.499 7.48e-90 0.41 0.356 0.465 5.72e-53 0.432 11.83 0.055 -0.01 0.122 0.101 
Height IQ 0.042 0.002 0.081 0.098 -0.006 -0.062 0.047 0.825 0.015 115.25 0.048 -0.019 0.117 0.208 
Height Neurot -0.058 -0.098 -0.019 0.025 0.007 -0.048 0.066 0.799 -0.022 112.01 -0.065 -0.134 0.001 0.083 
Height SCZ -0.051 -0.09 -0.012 0.046 0.015 -0.039 0.069 0.583 -0.014 130.07 -0.067 -0.131 -0.001 0.08 
Height SRH 0.057 0.019 0.095 0.027 -0.027 -0.079 0.025 0.344 0.01 146.96 0.084 0.02 0.149 0.029 
IQ ADHD -0.085 -0.123 -0.049 4.48e-04 -0.004 -0.057 0.049 0.874 -0.038 94.92 -0.081 -0.145 -0.016 0.027 
IQ BMI -0.029 -0.065 0.007 0.241 0.014 -0.039 0.069 0.6 -0.004 149.71 -0.043 -0.108 0.022 0.24 
IQ EA 0.253 0.219 0.289 1.12e-26 0.126 0.068 0.184 2.15e-05 0.177 50.09 0.127 0.06 0.195 7.57e-04 
IQ Height 0.009 -0.03 0.048 0.716 0.044 -0.012 0.101 0.099 0.029 -399.06 -0.036 -0.104 0.033 0.329 
IQ IQ 0.263 0.228 0.298 2.86e-27 0.137 0.083 0.19 1.32e-06 0.187 47.98 0.126 0.061 0.192 6.27e-04 
IQ Neurot -0.018 -0.057 0.021 0.457 -0.018 -0.072 0.037 0.496 -0.018 2 0 -0.068 0.067 0.992 
IQ SCZ 0.006 -0.031 0.043 0.824 0.012 -0.041 0.066 0.653 0.009 -122.3 -0.007 -0.071 0.058 0.854 
IQ SRH 0.109 0.071 0.145 8.19e-06 0.022 -0.033 0.08 0.435 0.058 79.42 0.086 0.019 0.151 0.021 
Neurot ADHD -0.009 -0.057 0.04 0.765 0.081 -0.006 0.164 0.092 0.071 963.99 -0.09 -0.187 0.01 0.115 
Neurot BMI -0.017 -0.065 0.033 0.586 0.02 -0.072 0.115 0.662 0.017 220.62 -0.037 -0.142 0.071 0.505 
Neurot EA 0.015 -0.031 0.06 0.601 0.015 -0.091 0.125 0.779 0.015 0.22 0 -0.119 0.114 1 
Neurot Height -0.025 -0.073 0.023 0.407 0.036 -0.055 0.121 0.454 0.029 242.68 -0.06 -0.161 0.042 0.281 
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Neurot IQ -0.006 -0.05 0.038 0.849 0.057 -0.043 0.157 0.249 0.051 1,085.06 -0.063 -0.17 0.043 0.279 
Neurot Neurot 0.108 0.058 0.16 6.34e-04 0.021 -0.072 0.115 0.649 0.03 80.41 0.087 -0.016 0.191 0.122 
Neurot SCZ -0.014 -0.064 0.038 0.662 0.063 -0.033 0.16 0.192 0.055 569.82 -0.077 -0.189 0.034 0.181 
Neurot SRH -0.041 -0.085 0.003 0.176 -0.024 -0.121 0.075 0.617 -0.026 39.94 -0.016 -0.123 0.09 0.777 
SCZ ADHD 0.044 0.003 0.084 0.118 0.003 -0.069 0.075 0.943 0.013 94.06 0.041 -0.045 0.127 0.371 
SCZ BMI 0.109 0.069 0.149 5.72e-05 0.04 -0.036 0.115 0.276 0.057 63.06 0.068 -0.014 0.152 0.133 
SCZ EA -0.081 -0.124 -0.038 0.003 0.009 -0.068 0.083 0.811 -0.013 111.54 -0.091 -0.176 -0.001 0.057 
SCZ Height 0 -0.043 0.041 0.991 0.002 -0.064 0.068 0.952 0.002 832.51 -0.003 -0.081 0.078 0.955 
SCZ IQ -0.024 -0.065 0.018 0.366 0.025 -0.049 0.098 0.51 0.013 204.8 -0.049 -0.134 0.038 0.29 
SCZ Neurot 0.062 0.022 0.102 0.027 -0.024 -0.088 0.042 0.501 -0.002 138.19 0.085 0.009 0.161 0.057 
SCZ SCZ -0.01 -0.051 0.032 0.715 -0.011 -0.085 0.064 0.777 -0.01 -4.95 0 -0.085 0.086 0.991 
SCZ SRH -0.122 -0.164 -0.08 9.91e-06 -0.012 -0.083 0.059 0.741 -0.039 90.06 -0.11 -0.193 -0.028 0.016 
Note. BMI = Body Mass Index; IQ = Intelligence; GCSE = General Certificate of Secondary Education (educational achievement); ADHD = 
Attention-Deficit/Hyperactivity Disorder; SCZ = Schizophrenia symptoms; EA = Educational Attainment; Neurot = Neuroticism; SRH = Self-
rated Health; B = Between-family estimate; W = Within-family estimate; L.CI = Lower 95% bootstrap percentile interval; U.CI = Upper 95% 
bootstrap percentile interval;  P = statistical significance of beta estimate; TotEff = Total effect derived as the intra-class correlation weighted 
sum of the within- and between family effect. PercRed = Reduction of prediction estimates when comparing within- to between-family 
estimates in percentage. BetaDiff = Difference of between-family and within-family beta coefficient; P.diff = statistical significance of difference 




Table S7. Within- and between-family prediction estimates after accounting for family socio-economic status 
pheno GPS beta.B L.CI.B U.CI.B P.B beta.W L.CI.W U.CI.W P.W TotEff PercRed BetaDiff Diff.L.CI Diff.U.CI P.diff 
ADHD ADHD 0.087 0.058 0.117 4.54e-06 0.122 0.076 0.17 2.50e-07 0.112 -39.79 -0.035 -0.092 0.021 0.251 
ADHD BMI 0.057 0.029 0.085 0.002 0.041 -0.006 0.088 0.088 0.046 28.76 0.016 -0.038 0.071 0.587 
ADHD EA -0.051 -0.081 -0.021 0.01 -0.139 -0.192 -0.087 4.62e-08 -0.112 -171.34 0.088 0.028 0.15 0.006 
ADHD Height -0.013 -0.041 0.015 0.488 0.021 -0.024 0.066 0.374 0.011 265.07 -0.034 -0.086 0.02 0.259 
ADHD IQ -0.067 -0.096 -0.037 3.79e-04 -0.112 -0.159 -0.065 4.63e-06 -0.099 -67.12 0.045 -0.01 0.101 0.144 
ADHD Neurot 0.031 0.003 0.059 0.096 0.055 0.01 0.101 0.017 0.048 -74.95 -0.024 -0.076 0.029 0.43 
ADHD SCZ 0.002 -0.027 0.03 0.922 0.038 -0.009 0.084 0.112 0.027 -2,006.88 -0.036 -0.091 0.017 0.231 
ADHD SRH -0.087 -0.114 -0.058 5.60e-06 -0.033 -0.08 0.016 0.183 -0.049 62.05 -0.054 -0.109 0.001 0.085 
BMI ADHD 0.041 0.004 0.078 0.107 0.054 -0.01 0.117 0.093 0.05 -32.39 -0.013 -0.086 0.06 0.746 
BMI BMI 0.328 0.292 0.364 1.10e-41 0.299 0.239 0.359 2.79e-21 0.306 9.01 0.03 -0.04 0.1 0.446 
BMI EA -0.039 -0.082 0.003 0.15 -0.063 -0.133 0.006 0.07 -0.056 -60.15 0.024 -0.058 0.107 0.592 
BMI Height -0.046 -0.083 -0.011 0.059 -0.03 -0.095 0.036 0.35 -0.035 34.52 -0.016 -0.091 0.058 0.694 
BMI IQ -0.01 -0.048 0.029 0.703 0.014 -0.055 0.082 0.671 0.007 245.16 -0.024 -0.101 0.056 0.569 
BMI Neurot -0.085 -0.123 -0.045 8.14e-04 0.004 -0.057 0.061 0.91 -0.022 104.25 -0.089 -0.16 -0.016 0.029 
BMI SCZ -0.049 -0.088 -0.008 0.053 -0.053 -0.117 0.008 0.102 -0.052 -9.35 0.005 -0.069 0.079 0.912 
BMI SRH -0.102 -0.142 -0.062 9.73e-05 -0.142 -0.204 -0.082 1.31e-05 -0.13 -38.44 0.039 -0.032 0.115 0.345 
GCSE ADHD -0.083 -0.11 -0.055 5.38e-06 -0.062 -0.099 -0.025 0.001 -0.071 25.62 -0.021 -0.068 0.025 0.423 
GCSE BMI -0.056 -0.082 -0.029 0.002 -0.024 -0.062 0.016 0.226 -0.038 57.86 -0.032 -0.079 0.016 0.224 
GCSE EA 0.243 0.216 0.27 5.23e-38 0.21 0.172 0.249 3.43e-25 0.225 13.43 0.033 -0.017 0.08 0.232 
GCSE Height 0.008 -0.019 0.035 0.639 -0.002 -0.041 0.038 0.914 0.003 125.27 0.01 -0.038 0.058 0.692 
GCSE IQ 0.212 0.187 0.238 8.65e-32 0.199 0.161 0.237 5.11e-24 0.205 5.98 0.013 -0.033 0.06 0.631 
GCSE Neurot -0.037 -0.065 -0.009 0.043 -0.063 -0.1 -0.025 7.29e-04 -0.051 -69.83 0.026 -0.021 0.072 0.321 
GCSE SCZ 0.029 0.003 0.055 0.101 -0.018 -0.057 0.022 0.355 0.003 161.65 0.047 0 0.094 0.073 
GCSE SRH 0.069 0.041 0.098 1.87e-04 0.055 0.016 0.094 0.005 0.061 21.28 0.015 -0.034 0.065 0.584 
SRH ADHD -0.046 -0.082 -0.011 0.046 -0.074 -0.142 -0.008 0.032 -0.071 -60.59 0.028 -0.047 0.105 0.501 
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SRH BMI -0.105 -0.14 -0.071 4.05e-06 -0.014 -0.081 0.052 0.688 -0.025 86.76 -0.091 -0.166 -0.018 0.028 
SRH EA 0.052 0.015 0.09 0.033 0.078 0.008 0.148 0.037 0.074 -48.78 -0.025 -0.106 0.053 0.567 
SRH Height 0.058 0.024 0.093 0.009 -0.007 -0.075 0.059 0.829 0.001 112.96 0.065 -0.009 0.139 0.112 
SRH IQ 0.007 -0.03 0.044 0.762 0.03 -0.042 0.103 0.396 0.027 -336.4 -0.023 -0.104 0.057 0.581 
SRH Neurot -0.073 -0.109 -0.037 0.002 -0.016 -0.083 0.05 0.632 -0.023 77.47 -0.056 -0.132 0.019 0.171 
SRH SCZ -0.041 -0.077 -0.006 0.071 -0.04 -0.109 0.029 0.261 -0.04 3.18 -0.001 -0.079 0.075 0.975 
SRH SRH 0.128 0.093 0.163 4.15e-08 0.075 0.006 0.147 0.034 0.081 41.88 0.054 -0.027 0.132 0.202 
Height ADHD -0.026 -0.068 0.017 0.332 -0.061 -0.116 -0.002 0.031 -0.045 -136.37 0.035 -0.036 0.105 0.364 
Height BMI -0.017 -0.057 0.025 0.523 0.013 -0.041 0.066 0.637 0 179.18 -0.03 -0.099 0.04 0.435 
Height EA 0.013 -0.031 0.055 0.645 -0.002 -0.062 0.059 0.96 0.005 111.66 0.014 -0.061 0.088 0.726 
Height Height 0.474 0.442 0.507 2.94e-91 0.399 0.345 0.454 1.56e-49 0.428 15.63 0.074 0.01 0.138 0.029 
Height IQ 0.027 -0.015 0.067 0.307 0.003 -0.052 0.06 0.906 0.014 87.23 0.023 -0.045 0.091 0.55 
Height Neurot -0.055 -0.095 -0.015 0.035 0.009 -0.047 0.067 0.734 -0.019 117.14 -0.065 -0.134 0.004 0.09 
Height SCZ -0.053 -0.093 -0.014 0.042 0.012 -0.043 0.068 0.67 -0.016 122.95 -0.065 -0.131 0.001 0.091 
Height SRH 0.047 0.008 0.086 0.082 -0.02 -0.073 0.032 0.493 0.01 141.7 0.066 0.002 0.133 0.09 
IQ ADHD -0.041 -0.076 -0.006 0.077 -0.003 -0.057 0.053 0.923 -0.016 93.34 -0.038 -0.104 0.027 0.293 
IQ BMI 0.022 -0.012 0.055 0.346 0.009 -0.046 0.064 0.751 0.013 59.53 0.013 -0.052 0.077 0.72 
IQ EA 0.128 0.091 0.165 1.28e-07 0.119 0.058 0.177 8.18e-05 0.122 7.05 0.009 -0.06 0.079 0.815 
IQ Height -0.006 -0.041 0.031 0.81 0.041 -0.016 0.098 0.128 0.025 850.22 -0.047 -0.113 0.02 0.187 
IQ IQ 0.191 0.158 0.227 3.28e-16 0.129 0.073 0.184 6.67e-06 0.15 32.52 0.062 -0.004 0.129 0.091 
IQ Neurot 0.002 -0.035 0.039 0.928 -0.03 -0.085 0.025 0.269 -0.019 1,526.48 0.032 -0.035 0.1 0.368 
IQ SCZ 0.008 -0.027 0.042 0.735 0.012 -0.043 0.066 0.673 0.01 -48.29 -0.004 -0.068 0.062 0.916 
IQ SRH 0.032 -0.004 0.068 0.175 0.025 -0.033 0.08 0.391 0.027 22.04 0.007 -0.057 0.074 0.85 
Neurot ADHD -0.013 -0.062 0.038 0.686 0.083 -0.005 0.169 0.087 0.073 742.07 -0.096 -0.196 0.009 0.098 
Neurot BMI -0.02 -0.07 0.032 0.531 0.018 -0.08 0.113 0.708 0.014 189.26 -0.038 -0.146 0.073 0.508 
Neurot EA 0.03 -0.018 0.078 0.337 0.024 -0.086 0.134 0.654 0.025 19.32 0.006 -0.114 0.129 0.926 
Neurot Height -0.021 -0.071 0.028 0.487 0.035 -0.053 0.125 0.469 0.029 262.92 -0.056 -0.156 0.045 0.324 
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Neurot IQ -0.002 -0.049 0.045 0.959 0.074 -0.025 0.175 0.138 0.066 4,652.28 -0.076 -0.187 0.035 0.199 
Neurot Neurot 0.109 0.057 0.161 6.90e-04 0.013 -0.079 0.11 0.779 0.022 87.79 0.096 -0.013 0.202 0.094 
Neurot SCZ -0.012 -0.065 0.039 0.689 0.053 -0.047 0.151 0.284 0.046 522.34 -0.065 -0.178 0.048 0.262 
Neurot SRH -0.034 -0.08 0.012 0.283 -0.014 -0.115 0.085 0.775 -0.016 58.02 -0.02 -0.131 0.091 0.739 
SCZ ADHD 0.029 -0.011 0.07 0.297 0.005 -0.068 0.077 0.892 0.011 82.66 0.024 -0.062 0.112 0.604 
SCZ BMI 0.101 0.061 0.141 1.80e-04 0.043 -0.032 0.119 0.25 0.056 57.44 0.058 -0.024 0.141 0.207 
SCZ EA -0.049 -0.097 -0.001 0.09 0.014 -0.063 0.092 0.731 -0.001 127.82 -0.063 -0.157 0.028 0.201 
SCZ Height -0.006 -0.047 0.033 0.81 -0.002 -0.069 0.064 0.958 -0.003 68.92 -0.004 -0.084 0.075 0.924 
SCZ IQ 0.002 -0.04 0.045 0.953 0.021 -0.055 0.097 0.582 0.017 -1,242.26 -0.02 -0.108 0.071 0.676 
SCZ Neurot 0.055 0.014 0.095 0.047 -0.037 -0.1 0.027 0.305 -0.015 166.68 0.091 0.018 0.165 0.042 
SCZ SCZ -0.004 -0.045 0.037 0.878 -0.017 -0.093 0.055 0.653 -0.014 -306.85 0.013 -0.072 0.099 0.783 
SCZ SRH -0.1 -0.143 -0.056 3.28e-04 -0.005 -0.075 0.067 0.892 -0.027 94.96 -0.095 -0.179 -0.011 0.04 
Note. BMI = Body Mass Index; IQ = Intelligence; GCSE = General Certificate of Secondary Education (educational achievement); ADHD = 
Attention-Deficit/Hyperactivity Disorder; SCZ = Schizophrenia symptoms; EA = Educational Attainment; Neurot = Neuroticism; SRH = Self-
rated Health; B = Between-family estimate; W = Within-family estimate; L.CI = Lower 95% bootstrap percentile interval; U.CI = Upper 95% 
bootstrap percentile interval;  P = statistical significance of beta estimate; TotEff = Total effect derived as the intra-class correlation weighted 
sum of the within- and between family effect. PercRed = Reduction of prediction estimates when comparing within- to between-family 
estimates in percentage. BetaDiff = Difference of between-family and within-family beta coefficient; P.diff = statistical significance of difference 
between within- and between-family estimates.
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Table S8. Comparison of between-family coefficients before and after controlling for family socio-economic status  
pheno GPS beta.B L.CI.B U.CI.B P.B beta.B.SES L.CI.B.SES U.CI.B.SES P.B.SES BetaDiff P.Diff 
 
ADHD ADHD 0.111 0.082 0.14 6.80e-09 0.087 0.058 0.117 4.54e-06 0.023 0.383 
ADHD BMI 0.093 0.065 0.121 6.92e-07 0.057 0.029 0.085 0.002 0.036 0.176 
ADHD EA -0.118 -0.145 -0.09 1.40e-10 -0.051 -0.081 -0.021 0.01 -0.067 0.013 
ADHD Height -0.02 -0.049 0.008 0.288 -0.013 -0.041 0.015 0.488 -0.007 0.789 
ADHD IQ -0.106 -0.134 -0.077 1.22e-08 -0.067 -0.096 -0.037 3.79e-04 -0.039 0.142 
ADHD Neurot 0.044 0.015 0.073 0.021 0.031 0.003 0.059 0.096 0.013 0.63 
ADHD SCZ -0.001 -0.03 0.028 0.963 0.002 -0.027 0.03 0.922 -0.003 0.919 
ADHD SRH -0.125 -0.152 -0.097 2.78e-11 -0.087 -0.114 -0.058 5.60e-06 -0.038 0.149 
BMI ADHD 0.068 0.03 0.105 0.008 0.041 0.004 0.078 0.107 0.027 0.459 
BMI BMI 0.35 0.313 0.385 2.35e-46 0.328 0.292 0.364 1.10e-41 0.022 0.515 
BMI EA -0.113 -0.152 -0.074 9.69e-06 -0.039 -0.082 0.003 0.15 -0.073 0.049 
BMI Height -0.047 -0.085 -0.012 0.056 -0.046 -0.083 -0.011 0.059 -0.001 0.967 
BMI IQ -0.048 -0.085 -0.009 0.058 -0.01 -0.048 0.029 0.703 -0.038 0.285 
BMI Neurot -0.081 -0.119 -0.041 0.002 -0.085 -0.123 -0.045 8.14e-04 0.004 0.902 
BMI SCZ -0.05 -0.091 -0.01 0.049 -0.049 -0.088 -0.008 0.053 -0.002 0.964 
BMI SRH -0.143 -0.183 -0.103 3.20e-08 -0.102 -0.142 -0.062 9.73e-05 -0.041 0.268 
GCSE ADHD -0.176 -0.207 -0.145 7.32e-17 -0.083 -0.11 -0.055 5.38e-06 -0.093 7.69e-04 
GCSE BMI -0.135 -0.166 -0.104 1.88e-10 -0.056 -0.082 -0.029 0.002 -0.079 0.004 
GCSE EA 0.418 0.391 0.445 1.60e-98 0.243 0.216 0.27 5.23e-38 0.175 3.59e-11 
GCSE Height 0.033 0.002 0.065 0.108 0.008 -0.019 0.035 0.639 0.025 0.36 
GCSE IQ 0.32 0.292 0.349 6.21e-55 0.212 0.187 0.238 8.65e-32 0.108 5.23e-05 
GCSE Neurot -0.074 -0.108 -0.041 5.26e-04 -0.037 -0.065 -0.009 0.043 -0.037 0.183 
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GCSE SCZ 0.039 0.007 0.07 0.063 0.029 0.003 0.055 0.101 0.01 0.719 
GCSE SRH 0.188 0.157 0.219 4.93e-19 0.069 0.041 0.098 1.87e-04 0.119 2.25e-05 
SRH ADHD -0.056 -0.091 -0.022 0.014 -0.046 -0.082 -0.011 0.046 -0.01 0.766 
SRH BMI -0.107 -0.141 -0.073 2.07e-06 -0.105 -0.14 -0.071 4.05e-06 -0.002 0.958 
SRH EA 0.069 0.035 0.103 0.002 0.052 0.015 0.09 0.033 0.017 0.603 
SRH Height 0.062 0.028 0.097 0.004 0.058 0.024 0.093 0.009 0.004 0.889 
SRH IQ 0.022 -0.013 0.057 0.316 0.007 -0.03 0.044 0.762 0.015 0.631 
SRH Neurot -0.08 -0.114 -0.045 4.45e-04 -0.073 -0.109 -0.037 0.002 -0.007 0.826 
SRH SCZ -0.043 -0.078 -0.009 0.057 -0.041 -0.077 -0.006 0.071 -0.002 0.95 
SRH SRH 0.138 0.105 0.172 1.06e-09 0.128 0.093 0.163 4.15e-08 0.01 0.767 
Height ADHD -0.035 -0.076 0.006 0.176 -0.026 -0.068 0.017 0.332 -0.01 0.798 
Height BMI -0.021 -0.06 0.019 0.414 -0.017 -0.057 0.025 0.523 -0.004 0.906 
Height EA 0.034 -0.006 0.073 0.181 0.013 -0.031 0.055 0.645 0.021 0.574 
Height Height 0.465 0.433 0.499 7.48e-90 0.474 0.442 0.507 2.94e-91 -0.008 0.792 
Height IQ 0.042 0.002 0.081 0.098 0.027 -0.015 0.067 0.307 0.015 0.679 
Height Neurot -0.058 -0.098 -0.019 0.025 -0.055 -0.095 -0.015 0.035 -0.003 0.936 
Height SCZ -0.051 -0.09 -0.012 0.046 -0.053 -0.093 -0.014 0.042 0.002 0.964 
Height SRH 0.057 0.019 0.095 0.027 0.047 0.008 0.086 0.082 0.01 0.782 
IQ ADHD -0.085 -0.123 -0.049 4.48e-04 -0.041 -0.076 -0.006 0.077 -0.045 0.178 
IQ BMI -0.029 -0.065 0.007 0.241 0.022 -0.012 0.055 0.346 -0.05 0.133 
IQ EA 0.253 0.219 0.289 1.12e-26 0.128 0.091 0.165 1.28e-07 0.126 1.69e-04 
IQ Height 0.009 -0.03 0.048 0.716 -0.006 -0.041 0.031 0.81 0.014 0.667 
IQ IQ 0.263 0.228 0.298 2.86e-27 0.191 0.158 0.227 3.28e-16 0.071 0.032 
IQ Neurot -0.018 -0.057 0.021 0.457 0.002 -0.035 0.039 0.928 -0.02 0.545 
IQ SCZ 0.006 -0.031 0.043 0.824 0.008 -0.027 0.042 0.735 -0.002 0.945 
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IQ SRH 0.109 0.071 0.145 8.19e-06 0.032 -0.004 0.068 0.175 0.077 0.023 
Neurot ADHD -0.009 -0.057 0.04 0.765 -0.013 -0.062 0.038 0.686 0.004 0.936 
Neurot BMI -0.017 -0.065 0.033 0.586 -0.02 -0.07 0.032 0.531 0.003 0.947 
Neurot EA 0.015 -0.031 0.06 0.601 0.03 -0.018 0.078 0.337 -0.015 0.721 
Neurot Height -0.025 -0.073 0.023 0.407 -0.021 -0.071 0.028 0.487 -0.004 0.934 
Neurot IQ -0.006 -0.05 0.038 0.849 -0.002 -0.049 0.045 0.959 -0.004 0.924 
Neurot Neurot 0.108 0.058 0.16 6.34e-04 0.109 0.057 0.161 6.90e-04 -0.001 0.983 
Neurot SCZ -0.014 -0.064 0.038 0.662 -0.012 -0.065 0.039 0.689 -0.001 0.981 
Neurot SRH -0.041 -0.085 0.003 0.176 -0.034 -0.08 0.012 0.283 -0.007 0.873 
SCZ ADHD 0.044 0.003 0.084 0.118 0.029 -0.011 0.07 0.297 0.015 0.71 
SCZ BMI 0.109 0.069 0.149 5.72e-05 0.101 0.061 0.141 1.80e-04 0.008 0.833 
SCZ EA -0.081 -0.124 -0.038 0.003 -0.049 -0.097 -0.001 0.09 -0.032 0.418 
SCZ Height 0 -0.043 0.041 0.991 -0.006 -0.047 0.033 0.81 0.006 0.872 
SCZ IQ -0.024 -0.065 0.018 0.366 0.002 -0.04 0.045 0.953 -0.026 0.499 
SCZ Neurot 0.062 0.022 0.102 0.027 0.055 0.014 0.095 0.047 0.007 0.861 
SCZ SCZ -0.01 -0.051 0.032 0.715 -0.004 -0.045 0.037 0.878 -0.006 0.88 
SCZ SRH -0.122 -0.164 -0.08 9.91e-06 -0.1 -0.143 -0.056 3.28e-04 -0.022 0.577 
            
Note. SES = family socio-economic status; BMI = Body Mass Index; IQ = Intelligence; GCSE = General Certificate of Secondary Education 
(educational achievement); ADHD = Attention-Deficit/Hyperactivity Disorder; SCZ = Schizophrenia symptoms; EA = Educational 
Attainment; Neurot = Neuroticism; SRH = Self-rated Health; B = Between-family estimate; L.CI = Lower 95% bootstrap percentile interval; 
U.CI = Upper 95% bootstrap percentile interval;  P = statistical significance of beta estimate; BetaDiff = Difference of the between-family beta 
coefficients; P.diff = statistical significance of difference between the estimates.
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Table S9. Within- and between-family prediction estimates after accounting for parental education 
pheno GPS beta.B L.CI.B U.CI.B P.B beta.W L.CI.W U.CI.W P.W TotEff PercRed BetaDiff Diff.L.CI Diff.U.CI P.diff 
ADHD ADHD 0.091 0.059 0.122 1.00e-05 0.107 0.056 0.158 2.92e-05 0.102 -17.42 -0.016 -0.075 0.043 0.628 
ADHD BMI 0.076 0.044 0.107 1.82e-04 0.046 -0.004 0.096 0.076 0.056 39.4 0.03 -0.029 0.087 0.363 
ADHD EA -0.048 -0.082 -0.014 0.025 -0.134 -0.19 -0.078 1.01e-06 -0.106 -177.91 0.086 0.02 0.151 0.014 
ADHD Height -0.016 -0.047 0.015 0.428 0.015 -0.033 0.064 0.553 0.005 195.03 -0.031 -0.088 0.026 0.338 
ADHD IQ -0.052 -0.083 -0.02 0.012 -0.111 -0.163 -0.06 3.00e-05 -0.092 -115.23 0.059 -0.001 0.121 0.076 
ADHD Neurot 0.035 0.005 0.065 0.087 0.046 -0.001 0.094 0.061 0.043 -32.09 -0.011 -0.065 0.043 0.726 
ADHD SCZ 0.02 -0.012 0.05 0.33 0.03 -0.022 0.08 0.249 0.027 -49.58 -0.01 -0.068 0.049 0.764 
ADHD SRH -0.079 -0.109 -0.048 1.42e-04 -0.037 -0.09 0.016 0.172 -0.05 52.96 -0.042 -0.102 0.018 0.221 
BMI ADHD 0.056 0.016 0.094 0.046 0.046 -0.023 0.114 0.194 0.049 17.41 0.01 -0.069 0.088 0.83 
BMI BMI 0.353 0.313 0.393 5.37e-40 0.309 0.246 0.373 3.08e-19 0.32 12.38 0.044 -0.031 0.117 0.303 
BMI EA -0.052 -0.098 -0.007 0.079 -0.058 -0.136 0.018 0.125 -0.057 -11.75 0.006 -0.083 0.096 0.899 
BMI Height -0.056 -0.095 -0.017 0.038 -0.066 -0.138 0.007 0.063 -0.063 -17.4 0.01 -0.076 0.09 0.826 
BMI IQ -0.006 -0.048 0.037 0.837 0.03 -0.045 0.106 0.405 0.02 633.96 -0.036 -0.122 0.052 0.43 
BMI Neurot -0.086 -0.126 -0.044 0.002 -0.029 -0.097 0.036 0.399 -0.046 65.87 -0.056 -0.135 0.022 0.204 
BMI SCZ -0.058 -0.1 -0.014 0.039 -0.073 -0.142 -0.004 0.04 -0.069 -26.64 0.015 -0.069 0.097 0.733 
BMI SRH -0.109 -0.152 -0.066 1.53e-04 -0.101 -0.172 -0.034 0.006 -0.104 6.62 -0.007 -0.088 0.073 0.877 
GCSE ADHD -0.115 -0.144 -0.086 9.27e-09 -0.054 -0.094 -0.013 0.011 -0.083 53.4 -0.061 -0.113 -0.011 0.034 
GCSE BMI -0.087 -0.117 -0.058 1.37e-05 -0.012 -0.053 0.029 0.569 -0.048 86.22 -0.075 -0.126 -0.025 0.01 
GCSE EA 0.263 0.233 0.292 2.65e-37 0.213 0.171 0.255 2.98e-22 0.236 18.91 0.05 -0.002 0.101 0.093 
GCSE Height 0.013 -0.017 0.043 0.512 0.009 -0.034 0.052 0.66 0.011 28.69 0.004 -0.048 0.056 0.897 
GCSE IQ 0.205 0.177 0.234 7.43e-25 0.19 0.148 0.232 7.87e-19 0.198 7.28 0.015 -0.036 0.066 0.606 
GCSE Neurot -0.042 -0.074 -0.011 0.035 -0.039 -0.08 0.001 0.049 -0.041 7.08 -0.003 -0.054 0.048 0.915 
GCSE SCZ 0.012 -0.017 0.042 0.533 -0.008 -0.051 0.035 0.714 0.002 161.13 0.02 -0.032 0.072 0.486 
GCSE SRH 0.1 0.07 0.129 8.00e-07 0.046 0.003 0.089 0.031 0.072 53.54 0.053 0 0.107 0.069 
SRH ADHD -0.046 -0.085 -0.008 0.07 -0.095 -0.167 -0.022 0.012 -0.089 -108.05 0.05 -0.034 0.131 0.277 
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SRH BMI -0.091 -0.13 -0.053 3.03e-04 -0.02 -0.092 0.053 0.599 -0.029 78.07 -0.071 -0.154 0.009 0.118 
SRH EA 0.041 -0.001 0.082 0.127 0.099 0.021 0.176 0.015 0.091 -141.48 -0.058 -0.144 0.028 0.233 
SRH Height 0.044 0.007 0.082 0.07 -0.002 -0.075 0.07 0.95 0.004 105.41 0.047 -0.034 0.128 0.3 
SRH IQ -0.001 -0.042 0.04 0.966 0.044 -0.035 0.121 0.267 0.038 4,149.06 -0.045 -0.132 0.044 0.337 
SRH Neurot -0.084 -0.123 -0.044 9.08e-04 0.005 -0.063 0.072 0.902 -0.007 105.47 -0.088 -0.165 -0.011 0.049 
SRH SCZ -0.024 -0.063 0.014 0.332 -0.015 -0.091 0.059 0.686 -0.017 36.51 -0.009 -0.091 0.075 0.846 
SRH SRH 0.121 0.082 0.16 2.64e-06 0.084 0.006 0.164 0.034 0.089 30.52 0.037 -0.052 0.125 0.433 
Height ADHD -0.021 -0.067 0.027 0.48 -0.087 -0.151 -0.024 0.006 -0.059 -325.16 0.067 -0.013 0.144 0.12 
Height BMI -0.019 -0.064 0.027 0.517 0.03 -0.031 0.09 0.34 0.01 261.55 -0.049 -0.124 0.027 0.253 
Height EA 0.004 -0.043 0.052 0.902 0.019 -0.05 0.085 0.578 0.013 -404.14 -0.015 -0.097 0.067 0.74 
Height Height 0.454 0.416 0.492 6.77e-68 0.411 0.353 0.473 1.60e-41 0.427 9.53 0.043 -0.032 0.117 0.256 
Height IQ 0.018 -0.026 0.062 0.528 -0.002 -0.066 0.062 0.96 0.007 109.09 0.02 -0.056 0.095 0.65 
Height Neurot -0.044 -0.088 0 0.128 0.005 -0.06 0.07 0.877 -0.016 111.02 -0.049 -0.125 0.027 0.25 
Height SCZ -0.063 -0.107 -0.018 0.03 0 -0.061 0.062 0.995 -0.026 99.71 -0.062 -0.137 0.011 0.146 
Height SRH 0.036 -0.007 0.079 0.222 -0.016 -0.078 0.046 0.639 0.006 143 0.052 -0.023 0.128 0.244 
IQ ADHD -0.056 -0.093 -0.02 0.019 0 -0.056 0.058 0.993 -0.019 100.48 -0.056 -0.123 0.011 0.14 
IQ BMI 0.002 -0.033 0.038 0.942 0.028 -0.028 0.085 0.336 0.019 -1,506.76 -0.026 -0.093 0.042 0.486 
IQ EA 0.146 0.107 0.183 7.08e-09 0.118 0.055 0.181 2.04e-04 0.127 19.24 0.028 -0.046 0.101 0.486 
IQ Height -0.01 -0.048 0.026 0.672 0.026 -0.034 0.085 0.364 0.013 354.85 -0.036 -0.105 0.032 0.333 
IQ IQ 0.181 0.145 0.217 1.47e-13 0.123 0.066 0.181 4.67e-05 0.143 32.07 0.058 -0.012 0.128 0.133 
IQ Neurot 0.016 -0.022 0.056 0.508 -0.015 -0.072 0.042 0.587 -0.004 196.42 0.031 -0.039 0.104 0.399 
IQ SCZ -0.01 -0.046 0.026 0.673 0.01 -0.049 0.07 0.739 0.003 194.91 -0.02 -0.088 0.048 0.599 
IQ SRH 0.033 -0.004 0.071 0.178 -0.005 -0.066 0.055 0.874 0.008 114.9 0.038 -0.032 0.107 0.336 
Neurot ADHD -0.003 -0.056 0.051 0.931 0.106 0.008 0.202 0.052 0.094 3,611.75 -0.109 -0.217 0.004 0.092 
Neurot BMI -0.004 -0.057 0.052 0.915 0.048 -0.06 0.153 0.363 0.043 1,401.65 -0.052 -0.17 0.069 0.412 
Neurot EA 0.039 -0.015 0.095 0.259 0.009 -0.108 0.131 0.875 0.012 76.6 0.03 -0.103 0.161 0.657 
Neurot Height -0.03 -0.084 0.024 0.381 0.017 -0.082 0.114 0.742 0.012 157.44 -0.047 -0.159 0.07 0.449 
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Neurot IQ 0.005 -0.048 0.055 0.895 0.064 -0.046 0.178 0.243 0.058 -1,313.02 -0.06 -0.183 0.064 0.356 
Neurot Neurot 0.093 0.037 0.149 0.008 0.051 -0.053 0.153 0.324 0.055 45.2 0.042 -0.072 0.159 0.499 
Neurot SCZ -0.009 -0.066 0.048 0.803 0.072 -0.036 0.183 0.175 0.064 929.63 -0.081 -0.206 0.046 0.202 
Neurot SRH -0.032 -0.083 0.02 0.349 -0.058 -0.17 0.053 0.293 -0.056 -81.34 0.026 -0.098 0.15 0.688 
SCZ ADHD 0.054 0.012 0.097 0.07 -0.007 -0.086 0.072 0.856 0.008 113.33 0.061 -0.029 0.157 0.216 
SCZ BMI 0.083 0.04 0.126 0.005 0.052 -0.027 0.135 0.195 0.059 37 0.031 -0.058 0.115 0.537 
SCZ EA -0.04 -0.087 0.009 0.198 0.017 -0.069 0.102 0.686 0.003 143.18 -0.058 -0.153 0.041 0.277 
SCZ Height 0.016 -0.031 0.063 0.581 0.008 -0.065 0.08 0.845 0.01 49.56 0.008 -0.08 0.098 0.875 
SCZ IQ 0.011 -0.036 0.056 0.716 0.042 -0.038 0.126 0.31 0.035 -297.12 -0.032 -0.13 0.063 0.534 
SCZ Neurot 0.041 -0.002 0.084 0.168 -0.036 -0.106 0.034 0.343 -0.017 187.42 0.077 -0.005 0.158 0.11 
SCZ SCZ -0.016 -0.061 0.028 0.587 -0.026 -0.108 0.056 0.525 -0.023 -58.52 0.009 -0.085 0.104 0.85 
SCZ SRH -0.109 -0.154 -0.062 3.16e-04 -0.005 -0.082 0.074 0.909 -0.029 95.68 -0.104 -0.195 -0.013 0.041 
Note. BMI = Body Mass Index; IQ = Intelligence; GCSE = General Certificate of Secondary Education (educational achievement); ADHD = 
Attention-Deficit/Hyperactivity Disorder; SCZ = Schizophrenia symptoms; EA = Educational Attainment; Neurot = Neuroticism; SRH = Self-
rated Health; B = Between-family estimate; W = Within-family estimate; L.CI = Lower 95% bootstrap percentile interval; U.CI = Upper 95% 
bootstrap percentile interval;  P = statistical significance of beta estimate; TotEff = Total effect derived as the intra-class correlation weighted 
sum of the within- and between family effect. PercRed = Reduction of prediction estimates when comparing within- to between-family 
estimates in percentage. BetaDiff = Difference of between-family and within-family beta coefficient; P.diff = statistical significance of difference 
between within- and between-family estimates.
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Table S10. Within- and between-family prediction estimates after accounting for parental occupation 
pheno GPS beta.B L.CI.B U.CI.B P.B beta.W L.CI.W U.CI.W P.W TotEff PercRed BetaDiff Diff.L.CI Diff.U.CI P.diff 
ADHD ADHD 0.104 0.073 0.135 2.72e-07 0.119 0.069 0.167 3.09e-06 0.114 -14.25 -0.015 -0.071 0.042 0.647 
ADHD BMI 0.08 0.051 0.11 6.32e-05 0.057 0.007 0.108 0.025 0.064 28.33 0.023 -0.035 0.08 0.484 
ADHD EA -0.073 -0.103 -0.041 3.34e-04 -0.132 -0.188 -0.078 8.73e-07 -0.114 -82.11 0.06 -0.003 0.124 0.076 
ADHD Height -0.01 -0.039 0.02 0.63 0.023 -0.027 0.072 0.363 0.013 340.61 -0.033 -0.09 0.026 0.311 
ADHD IQ -0.074 -0.105 -0.043 1.66e-04 -0.124 -0.176 -0.072 2.66e-06 -0.108 -66.8 0.05 -0.011 0.11 0.131 
ADHD Neurot 0.034 0.004 0.064 0.096 0.05 0.003 0.096 0.042 0.045 -48.08 -0.016 -0.07 0.04 0.61 
ADHD SCZ 0.011 -0.02 0.041 0.586 0.023 -0.027 0.072 0.373 0.019 -106.77 -0.012 -0.069 0.045 0.718 
ADHD SRH -0.079 -0.108 -0.05 9.22e-05 -0.051 -0.102 0.001 0.055 -0.06 35.76 -0.028 -0.088 0.03 0.395 
BMI ADHD 0.062 0.023 0.102 0.025 0.058 -0.01 0.124 0.099 0.059 6.47 0.004 -0.072 0.082 0.928 
BMI BMI 0.342 0.303 0.38 2.40e-38 0.316 0.254 0.382 9.16e-21 0.323 7.47 0.026 -0.048 0.097 0.541 
BMI EA -0.089 -0.133 -0.047 0.002 -0.057 -0.132 0.019 0.129 -0.066 36.6 -0.033 -0.12 0.055 0.485 
BMI Height -0.056 -0.094 -0.018 0.036 -0.08 -0.152 -0.009 0.022 -0.073 -43.1 0.024 -0.055 0.105 0.583 
BMI IQ -0.042 -0.083 -0.001 0.119 0.025 -0.053 0.099 0.494 0.005 158.73 -0.067 -0.152 0.019 0.138 
BMI Neurot -0.084 -0.125 -0.044 0.003 -0.029 -0.092 0.035 0.397 -0.045 65.37 -0.055 -0.131 0.02 0.214 
BMI SCZ -0.051 -0.094 -0.007 0.066 -0.079 -0.148 -0.01 0.024 -0.07 -55.23 0.028 -0.052 0.112 0.528 
BMI SRH -0.125 -0.167 -0.083 8.15e-06 -0.099 -0.168 -0.032 0.005 -0.107 20.69 -0.026 -0.102 0.053 0.567 
GCSE ADHD -0.134 -0.165 -0.102 4.73e-10 -0.059 -0.1 -0.02 0.006 -0.098 55.61 -0.074 -0.125 -0.022 0.014 
GCSE BMI -0.111 -0.143 -0.08 2.19e-07 -0.019 -0.06 0.023 0.381 -0.067 83.26 -0.093 -0.146 -0.04 0.002 
GCSE EA 0.341 0.311 0.37 1.91e-59 0.212 0.169 0.255 7.18e-22 0.275 37.7 0.128 0.075 0.182 1.58e-05 
GCSE Height 0.024 -0.008 0.056 0.263 0.008 -0.035 0.052 0.698 0.016 65.44 0.016 -0.038 0.069 0.604 
GCSE IQ 0.268 0.239 0.296 9.33e-38 0.199 0.158 0.24 6.75e-20 0.234 25.74 0.069 0.018 0.12 0.02 
GCSE Neurot -0.045 -0.079 -0.012 0.038 -0.038 -0.08 0 0.058 -0.042 14.78 -0.007 -0.058 0.047 0.822 
GCSE SCZ 0.035 0.003 0.068 0.106 -0.006 -0.049 0.037 0.78 0.015 116.92 0.04 -0.014 0.095 0.176 
GCSE SRH 0.134 0.102 0.166 4.63e-10 0.051 0.007 0.095 0.019 0.094 62.32 0.084 0.028 0.139 0.006 
SRH ADHD -0.038 -0.076 0.001 0.135 -0.093 -0.168 -0.016 0.016 -0.086 -147.98 0.056 -0.029 0.141 0.227 
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SRH BMI -0.082 -0.121 -0.043 0.001 -0.004 -0.076 0.068 0.907 -0.013 94.54 -0.077 -0.159 0.003 0.09 
SRH EA 0.025 -0.015 0.065 0.329 0.079 0.003 0.157 0.052 0.073 -215.64 -0.054 -0.14 0.03 0.261 
SRH Height 0.053 0.017 0.091 0.027 0.003 -0.069 0.075 0.946 0.009 95.09 0.051 -0.029 0.133 0.263 
SRH IQ -0.01 -0.05 0.029 0.666 0.044 -0.034 0.123 0.269 0.037 519.22 -0.054 -0.142 0.034 0.242 
SRH Neurot -0.082 -0.121 -0.042 0.001 0.001 -0.068 0.068 0.986 -0.009 100.79 -0.083 -0.16 -0.003 0.068 
SRH SCZ -0.032 -0.07 0.006 0.199 -0.013 -0.088 0.063 0.738 -0.015 59.4 -0.019 -0.104 0.066 0.68 
SRH SRH 0.114 0.075 0.154 6.96e-06 0.073 -0.003 0.153 0.064 0.078 35.56 0.041 -0.046 0.127 0.388 
Height ADHD -0.006 -0.05 0.039 0.838 -0.073 -0.138 -0.008 0.023 -0.045 -1,129.81 0.067 -0.011 0.145 0.12 
Height BMI -0.02 -0.065 0.025 0.492 0.029 -0.03 0.088 0.357 0.009 246.79 -0.049 -0.122 0.025 0.252 
Height EA 0.001 -0.044 0.047 0.985 0.005 -0.061 0.072 0.875 0.003 -839.01 -0.005 -0.083 0.076 0.915 
Height Height 0.455 0.418 0.493 6.34e-70 0.4 0.339 0.46 3.40e-39 0.42 12.28 0.056 -0.019 0.129 0.14 
Height IQ 0.019 -0.024 0.061 0.492 -0.01 -0.075 0.053 0.759 0.002 152.88 0.029 -0.045 0.104 0.498 
Height Neurot -0.034 -0.078 0.009 0.237 0.004 -0.059 0.07 0.886 -0.012 113.01 -0.039 -0.115 0.035 0.362 
Height SCZ -0.062 -0.106 -0.017 0.028 -0.002 -0.062 0.058 0.939 -0.027 96.09 -0.06 -0.133 0.012 0.159 
Height SRH 0.034 -0.01 0.076 0.246 -0.008 -0.07 0.055 0.818 0.01 122.34 0.041 -0.035 0.115 0.345 
IQ ADHD -0.086 -0.125 -0.047 5.25e-04 0.009 -0.048 0.069 0.761 -0.026 110.76 -0.095 -0.165 -0.027 0.015 
IQ BMI -0.01 -0.046 0.027 0.68 0.027 -0.031 0.084 0.372 0.013 357.28 -0.037 -0.104 0.033 0.342 
IQ EA 0.208 0.17 0.245 1.90e-16 0.11 0.044 0.176 7.00e-04 0.144 46.89 0.097 0.022 0.173 0.017 
IQ Height -0.008 -0.046 0.03 0.742 0.025 -0.036 0.086 0.396 0.013 398.74 -0.033 -0.105 0.038 0.391 
IQ IQ 0.228 0.193 0.264 7.25e-20 0.125 0.064 0.184 5.92e-05 0.161 44.92 0.102 0.033 0.176 0.01 
IQ Neurot 0.012 -0.028 0.052 0.628 -0.023 -0.081 0.035 0.424 -0.01 287.83 0.035 -0.036 0.107 0.357 
IQ SCZ 0.007 -0.029 0.044 0.782 0.011 -0.048 0.07 0.712 0.01 -56.39 -0.004 -0.074 0.065 0.919 
IQ SRH 0.043 0.006 0.082 0.09 0.01 -0.052 0.071 0.759 0.022 77.78 0.034 -0.037 0.106 0.405 
Neurot ADHD -0.02 -0.073 0.032 0.554 0.098 0.002 0.193 0.071 0.084 581.74 -0.118 -0.229 -0.006 0.064 
Neurot BMI -0.02 -0.075 0.035 0.556 0.051 -0.057 0.155 0.328 0.043 350.64 -0.072 -0.191 0.049 0.253 
Neurot EA 0.021 -0.031 0.075 0.534 0.028 -0.09 0.149 0.631 0.027 -34.39 -0.007 -0.137 0.122 0.915 
Neurot Height -0.039 -0.094 0.015 0.254 0.008 -0.089 0.104 0.88 0.003 120.34 -0.047 -0.159 0.067 0.454 
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Neurot IQ 0.005 -0.045 0.055 0.883 0.058 -0.053 0.168 0.289 0.053 -1,076.56 -0.054 -0.174 0.068 0.407 
Neurot Neurot 0.1 0.044 0.157 0.004 0.029 -0.076 0.137 0.576 0.036 71.01 0.071 -0.048 0.189 0.255 
Neurot SCZ -0.037 -0.096 0.023 0.289 0.075 -0.033 0.18 0.158 0.062 303.95 -0.111 -0.236 0.011 0.077 
Neurot SRH -0.035 -0.085 0.014 0.31 -0.03 -0.14 0.082 0.59 -0.03 14.59 -0.005 -0.129 0.116 0.938 
SCZ ADHD 0.031 -0.012 0.075 0.288 0.001 -0.075 0.082 0.971 0.008 95.23 0.03 -0.064 0.12 0.55 
SCZ BMI 0.087 0.042 0.131 0.002 0.036 -0.046 0.117 0.379 0.046 59.03 0.051 -0.037 0.141 0.3 
SCZ EA -0.036 -0.08 0.009 0.224 0.038 -0.044 0.125 0.377 0.022 206.83 -0.074 -0.172 0.022 0.157 
SCZ Height 0.004 -0.043 0.05 0.879 -0.011 -0.083 0.063 0.791 -0.008 357.03 0.015 -0.077 0.105 0.76 
SCZ IQ -0.002 -0.046 0.043 0.95 0.042 -0.042 0.125 0.327 0.032 2,502.22 -0.043 -0.14 0.054 0.393 
SCZ Neurot 0.021 -0.023 0.064 0.484 -0.05 -0.119 0.02 0.192 -0.035 343.21 0.071 -0.01 0.154 0.143 
SCZ SCZ -0.026 -0.07 0.019 0.359 -0.024 -0.105 0.055 0.554 -0.024 9.03 -0.002 -0.095 0.091 0.962 
SCZ SRH -0.092 -0.135 -0.05 0.002 0.009 -0.071 0.089 0.834 -0.013 109.33 -0.101 -0.192 -0.012 0.045 
Note. BMI = Body Mass Index; IQ = Intelligence; GCSE = General Certificate of Secondary Education (educational achievement); ADHD = 
Attention-Deficit/Hyperactivity Disorder; SCZ = Schizophrenia symptoms; EA = Educational Attainment; Neurot = Neuroticism; SRH = Self-
rated Health; B = Between-family estimate; W = Within-family estimate; L.CI = Lower 95% bootstrap percentile interval; U.CI = Upper 95% 
bootstrap percentile interval;  P = statistical significance of beta estimate; TotEff = Total effect derived as the intra-class correlation weighted 
sum of the within- and between family effect. PercRed = Reduction of prediction estimates when comparing within- to between-family 
estimates in percentage. BetaDiff = Difference of between-family and within-family beta coefficient; P.diff = statistical significance of difference 
between within- and between-family estimates.
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Table S11. Comparison of between-family coefficients after controlling for parental education and parental occupation 
pheno GPS beta.B.edu L.CI.B.edu U.CI.B.edu P.B.edu beta.B.occu L.CI.B.occu U.CI.B.occu P.B.occu BetaDiff P.Diff 
ADHD ADHD 0.091 0.059 0.122 1.00e-05 0.104 0.073 0.135 2.72e-07 -0.013 0.653 
ADHD BMI 0.076 0.044 0.107 1.82e-04 0.08 0.051 0.11 6.32e-05 -0.004 0.89 
ADHD EA -0.048 -0.082 -0.014 0.025 -0.073 -0.103 -0.041 3.34e-04 0.025 0.404 
ADHD Height -0.016 -0.047 0.015 0.428 -0.01 -0.039 0.02 0.63 -0.006 0.821 
ADHD IQ -0.052 -0.083 -0.02 0.012 -0.074 -0.105 -0.043 1.66e-04 0.023 0.424 
ADHD Neurot 0.035 0.005 0.065 0.087 0.034 0.004 0.064 0.096 0.001 0.961 
ADHD SCZ 0.02 -0.012 0.05 0.33 0.011 -0.02 0.041 0.586 0.009 0.756 
ADHD SRH -0.079 -0.109 -0.048 1.42e-04 -0.079 -0.108 -0.05 9.22e-05 0.001 0.982 
BMI ADHD 0.056 0.016 0.094 0.046 0.062 0.023 0.102 0.025 -0.006 0.87 
BMI BMI 0.353 0.313 0.393 5.37e-40 0.342 0.303 0.38 2.40e-38 0.011 0.76 
BMI EA -0.052 -0.098 -0.007 0.079 -0.089 -0.133 -0.047 0.002 0.037 0.366 
BMI Height -0.056 -0.095 -0.017 0.038 -0.056 -0.094 -0.018 0.036 0 0.998 
BMI IQ -0.006 -0.048 0.037 0.837 -0.042 -0.083 -0.001 0.119 0.036 0.347 
BMI Neurot -0.086 -0.126 -0.044 0.002 -0.084 -0.125 -0.044 0.003 -0.002 0.961 
BMI SCZ -0.058 -0.1 -0.014 0.039 -0.051 -0.094 -0.007 0.066 -0.007 0.856 
BMI SRH -0.109 -0.152 -0.066 1.53e-04 -0.125 -0.167 -0.083 8.15e-06 0.017 0.676 
GCSE ADHD -0.115 -0.144 -0.086 9.27e-09 -0.134 -0.165 -0.102 4.73e-10 0.019 0.523 
GCSE BMI -0.087 -0.117 -0.058 1.37e-05 -0.111 -0.143 -0.08 2.19e-07 0.024 0.408 
GCSE EA 0.263 0.233 0.292 2.65e-37 0.341 0.311 0.37 1.91e-59 -0.078 0.006 
GCSE Height 0.013 -0.017 0.043 0.512 0.024 -0.008 0.056 0.263 -0.011 0.708 
GCSE IQ 0.205 0.177 0.234 7.43e-25 0.268 0.239 0.296 9.33e-38 -0.062 0.028 
GCSE Neurot -0.042 -0.074 -0.011 0.035 -0.045 -0.079 -0.012 0.038 0.003 0.93 
GCSE SCZ 0.012 -0.017 0.042 0.533 0.035 0.003 0.068 0.106 -0.022 0.448 
GCSE SRH 0.1 0.07 0.129 8.00e-07 0.134 0.102 0.166 4.63e-10 -0.034 0.242 
SRH ADHD -0.046 -0.085 -0.008 0.07 -0.038 -0.076 0.001 0.135 -0.008 0.816 
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SRH BMI -0.091 -0.13 -0.053 3.03e-04 -0.082 -0.121 -0.043 0.001 -0.009 0.797 
SRH EA 0.041 -0.001 0.082 0.127 0.025 -0.015 0.065 0.329 0.016 0.67 
SRH Height 0.044 0.007 0.082 0.07 0.053 0.017 0.091 0.027 -0.009 0.79 
SRH IQ -0.001 -0.042 0.04 0.966 -0.01 -0.05 0.029 0.666 0.009 0.787 
SRH Neurot -0.084 -0.123 -0.044 9.08e-04 -0.082 -0.121 -0.042 0.001 -0.002 0.96 
SRH SCZ -0.024 -0.063 0.014 0.332 -0.032 -0.07 0.006 0.199 0.007 0.833 
SRH SRH 0.121 0.082 0.16 2.64e-06 0.114 0.075 0.154 6.96e-06 0.007 0.843 
Height ADHD -0.021 -0.067 0.027 0.48 -0.006 -0.05 0.039 0.838 -0.015 0.721 
Height BMI -0.019 -0.064 0.027 0.517 -0.02 -0.065 0.025 0.492 0.001 0.98 
Height EA 0.004 -0.043 0.052 0.902 0.001 -0.044 0.047 0.985 0.003 0.94 
Height Height 0.454 0.416 0.492 6.77e-68 0.455 0.418 0.493 6.34e-70 -0.001 0.967 
Height IQ 0.018 -0.026 0.062 0.528 0.019 -0.024 0.061 0.492 -0.001 0.981 
Height Neurot -0.044 -0.088 0 0.128 -0.034 -0.078 0.009 0.237 -0.01 0.81 
Height SCZ -0.063 -0.107 -0.018 0.03 -0.062 -0.106 -0.017 0.028 0 0.991 
Height SRH 0.036 -0.007 0.079 0.222 0.034 -0.01 0.076 0.246 0.002 0.954 
IQ ADHD -0.056 -0.093 -0.02 0.019 -0.086 -0.125 -0.047 5.25e-04 0.03 0.377 
IQ BMI 0.002 -0.033 0.038 0.942 -0.01 -0.046 0.027 0.68 0.012 0.728 
IQ EA 0.146 0.107 0.183 7.08e-09 0.208 0.17 0.245 1.90e-16 -0.062 0.078 
IQ Height -0.01 -0.048 0.026 0.672 -0.008 -0.046 0.03 0.742 -0.002 0.957 
IQ IQ 0.181 0.145 0.217 1.47e-13 0.228 0.193 0.264 7.25e-20 -0.046 0.181 
IQ Neurot 0.016 -0.022 0.056 0.508 0.012 -0.028 0.052 0.628 0.004 0.916 
IQ SCZ -0.01 -0.046 0.026 0.673 0.007 -0.029 0.044 0.782 -0.017 0.623 
IQ SRH 0.033 -0.004 0.071 0.178 0.043 0.006 0.082 0.09 -0.01 0.774 
Neurot ADHD -0.003 -0.056 0.051 0.931 -0.02 -0.073 0.032 0.554 0.017 0.723 
Neurot BMI -0.004 -0.057 0.052 0.915 -0.02 -0.075 0.035 0.556 0.017 0.732 
Neurot EA 0.039 -0.015 0.095 0.259 0.021 -0.031 0.075 0.534 0.018 0.704 
Neurot Height -0.03 -0.084 0.024 0.381 -0.039 -0.094 0.015 0.254 0.009 0.852 
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Neurot IQ 0.005 -0.048 0.055 0.895 0.005 -0.045 0.055 0.883 0 0.993 
Neurot Neurot 0.093 0.037 0.149 0.008 0.1 0.044 0.157 0.004 -0.007 0.89 
Neurot SCZ -0.009 -0.066 0.048 0.803 -0.037 -0.096 0.023 0.289 0.028 0.569 
Neurot SRH -0.032 -0.083 0.02 0.349 -0.035 -0.085 0.014 0.31 0.003 0.958 
SCZ ADHD 0.054 0.012 0.097 0.07 0.031 -0.012 0.075 0.288 0.023 0.584 
SCZ BMI 0.083 0.04 0.126 0.005 0.087 0.042 0.131 0.002 -0.004 0.918 
SCZ EA -0.04 -0.087 0.009 0.198 -0.036 -0.08 0.009 0.224 -0.005 0.916 
SCZ Height 0.016 -0.031 0.063 0.581 0.004 -0.043 0.05 0.879 0.011 0.773 
SCZ IQ 0.011 -0.036 0.056 0.716 -0.002 -0.046 0.043 0.95 0.012 0.759 
SCZ Neurot 0.041 -0.002 0.084 0.168 0.021 -0.023 0.064 0.484 0.021 0.625 
SCZ SCZ -0.016 -0.061 0.028 0.587 -0.026 -0.07 0.019 0.359 0.01 0.803 
SCZ SRH -0.109 -0.154 -0.062 3.16e-04 -0.092 -0.135 -0.05 0.002 -0.016 0.697 
Note. SES = family socio-economic status; BMI = Body Mass Index; IQ = Intelligence; GCSE = General Certificate of Secondary Education 
(educational achievement); ADHD = Attention-Deficit/Hyperactivity Disorder; SCZ = Schizophrenia symptoms; EA = Educational 
Attainment; Neurot = Neuroticism; SRH = Self-rated Health; B = Between-family estimate; L.CI = Lower 95% bootstrap percentile interval; 
U.CI = Upper 95% bootstrap percentile interval;  P = statistical significance of beta estimate; BetaDiff = Difference of the between-family beta 
coefficients; P.diff = statistical significance of difference between the estimates.
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Table S12. Within- and between-family prediction estimates of family socio-
economic status 
pheno GPS beta.B L.CI.B U.CI.B P.B beta.W L.CI.W U.CI.W P.W P.Diff 
SES ADHD -0.168 -0.214 -0.13 1.32e-28 0 0 0 1 2.69e-08 
SES BMI -0.19 -0.216 -0.134 3.80e-38 0 0 0 1 1.80e-10 
SES EA 0.433 0.409 0.479 2.35e-204 0 0 0 1 5.47e-49 
SES Height 0.069 0.02 0.102 6.51e-06 0 0 0 1 0.025 
SES IQ 0.231 0.213 0.291 4.28e-55 0 0 0 1 7.65e-14 
SES Neurot -0.06 -0.129 -0.043 5.35e-05 0 0 0 1 0.049 
SES SCZ 0.04 -0.015 0.066 0.008 0 0 0 1 0.201 
SES SRH 0.302 0.238 0.318 3.86e-89 0 0 0 1 2.24e-23 
Note. SES = family socio-economic status; BMI = Body Mass Index; IQ = Intelligence; GCSE 
= General Certificate of Secondary Education (educational achievement); ADHD = 
Attention-Deficit/Hyperactivity Disorder; SCZ = Schizophrenia symptoms; EA = 
Educational Attainment; Neurot = Neuroticism; SRH = Self-rated Health; B = Between-
family estimate; W = Within-family estimate; L.CI = Lower 95% bootstrap percentile interval; 
U.CI = Upper 95% bootstrap percentile interval;  P = statistical significance of beta estimate; 
P.diff = statistical significance of difference between within- and between-family estimates. 
Fixed effects are estimated using multiple regression analysis as parental SES is invariant 
within DZ twin pairs and thus mixed-effects modelling is not possible.  
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Table S13. Within- and between-family prediction estimates for same-sex twin pairs 
pheno GPS beta.B L.CI.B U.CI.B P.B beta.W L.CI.W U.CI.W P.W TotEff PercRed BetaDiff Diff.L.CI Diff.U.CI P.diff 
ADHD ADHD 0.132 0.091 0.173 6.80e-07 0.165 0.1 0.231 5.86e-07 0.154 -24.89 -0.033 -0.108 0.043 0.436 
ADHD BMI 0.088 0.05 0.128 6.93e-04 0.044 -0.016 0.105 0.165 0.059 49.89 0.044 -0.027 0.116 0.284 
ADHD EA -0.122 -0.163 -0.08 1.90e-06 -0.209 -0.28 -0.14 9.68e-10 -0.18 -71.86 0.087 0.009 0.167 0.039 
ADHD Height -0.067 -0.105 -0.029 0.009 -0.013 -0.079 0.051 0.707 -0.03 81.19 -0.054 -0.129 0.02 0.198 
ADHD IQ -0.107 -0.145 -0.067 3.74e-05 -0.119 -0.184 -0.053 5.43e-04 -0.115 -11.29 0.012 -0.064 0.087 0.779 
ADHD Neurot 0.043 0.005 0.082 0.095 0.09 0.028 0.153 0.005 0.075 -109.1 -0.047 -0.119 0.026 0.254 
ADHD SCZ 0.013 -0.027 0.052 0.62 0.059 -0.005 0.122 0.074 0.044 -357.45 -0.046 -0.12 0.028 0.272 
ADHD SRH -0.133 -0.171 -0.093 2.80e-07 -0.073 -0.139 -0.006 0.033 -0.092 45.14 -0.06 -0.133 0.014 0.161 
BMI ADHD 0.077 0.029 0.127 0.029 0.031 -0.056 0.121 0.47 0.046 59.55 0.046 -0.054 0.142 0.409 
BMI BMI 0.33 0.28 0.379 1.16e-22 0.309 0.229 0.388 2.53e-14 0.316 6.14 0.02 -0.071 0.115 0.693 
BMI EA -0.12 -0.175 -0.067 6.78e-04 -0.073 -0.162 0.015 0.101 -0.089 39.18 -0.047 -0.152 0.059 0.406 
BMI Height -0.093 -0.142 -0.043 0.006 -0.073 -0.165 0.018 0.096 -0.079 21.27 -0.02 -0.124 0.085 0.721 
BMI IQ -0.065 -0.119 -0.008 0.061 0.012 -0.074 0.097 0.794 -0.014 117.69 -0.077 -0.18 0.025 0.171 
BMI Neurot -0.056 -0.105 -0.007 0.108 -0.004 -0.086 0.076 0.92 -0.022 92.5 -0.052 -0.147 0.043 0.341 
BMI SCZ -0.017 -0.075 0.041 0.626 -0.079 -0.162 0.003 0.064 -0.058 -363.29 0.062 -0.037 0.164 0.26 
BMI SRH -0.172 -0.223 -0.121 8.52e-07 -0.148 -0.233 -0.066 7.60e-04 -0.156 14.1 -0.024 -0.12 0.076 0.663 
GCSE ADHD -0.188 -0.232 -0.145 1.24e-10 -0.061 -0.115 -0.008 0.025 -0.134 67.47 -0.127 -0.197 -0.057 0.001 
GCSE BMI -0.163 -0.207 -0.118 3.37e-08 -0.023 -0.075 0.027 0.387 -0.103 86.16 -0.141 -0.21 -0.073 3.42e-04 
GCSE EA 0.414 0.375 0.453 3.49e-49 0.222 0.168 0.277 6.33e-16 0.325 46.25 0.191 0.125 0.258 5.23e-07 
GCSE Height 0.061 0.017 0.107 0.032 0.029 -0.026 0.086 0.283 0.048 52.17 0.032 -0.04 0.104 0.418 
GCSE IQ 0.335 0.296 0.373 9.93e-32 0.204 0.148 0.26 1.96e-13 0.276 39.2 0.131 0.061 0.199 7.57e-04 
GCSE Neurot -0.085 -0.132 -0.039 0.003 -0.112 -0.162 -0.061 1.31e-05 -0.096 -31.76 0.027 -0.04 0.097 0.484 
GCSE SCZ -0.015 -0.059 0.029 0.599 -0.005 -0.062 0.051 0.861 -0.011 69.24 -0.01 -0.078 0.06 0.789 
GCSE SRH 0.228 0.187 0.269 2.04e-15 0.067 0.013 0.123 0.014 0.157 70.55 0.161 0.091 0.228 4.47e-05 
SRH ADHD -0.068 -0.117 -0.019 0.033 -0.086 -0.172 -0.003 0.059 -0.083 -27.45 0.019 -0.078 0.116 0.738 
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SRH BMI -0.132 -0.175 -0.088 2.23e-05 -0.032 -0.113 0.049 0.466 -0.05 75.45 -0.1 -0.191 -0.008 0.066 
SRH EA 0.065 0.017 0.113 0.04 0.073 -0.017 0.164 0.121 0.072 -13.65 -0.009 -0.11 0.091 0.876 
SRH Height 0.063 0.016 0.11 0.039 0.011 -0.076 0.096 0.813 0.02 82.35 0.052 -0.045 0.148 0.353 
SRH IQ 0.049 0.002 0.096 0.118 0.043 -0.05 0.138 0.352 0.044 10.7 0.005 -0.1 0.11 0.926 
SRH Neurot -0.089 -0.133 -0.043 0.004 -0.025 -0.111 0.064 0.568 -0.037 71.45 -0.063 -0.162 0.033 0.241 
SRH SCZ -0.078 -0.128 -0.03 0.013 -0.03 -0.12 0.058 0.508 -0.039 61.62 -0.048 -0.151 0.053 0.381 
SRH SRH 0.133 0.085 0.181 1.96e-05 0.129 0.035 0.227 0.006 0.13 2.93 0.004 -0.103 0.109 0.945 
Height ADHD -0.025 -0.08 0.029 0.474 -0.067 -0.143 0.007 0.081 -0.049 -163.44 0.042 -0.05 0.135 0.426 
Height BMI -0.026 -0.081 0.029 0.452 -0.007 -0.08 0.066 0.845 -0.015 72.1 -0.019 -0.11 0.073 0.711 
Height EA 0.033 -0.022 0.089 0.351 -0.032 -0.112 0.047 0.421 -0.004 197.81 0.065 -0.032 0.163 0.222 
Height Height 0.435 0.39 0.479 6.39e-43 0.391 0.319 0.466 4.77e-25 0.408 10.17 0.044 -0.044 0.13 0.347 
Height IQ 0.063 0.011 0.113 0.069 -0.048 -0.121 0.021 0.221 0 176.3 0.111 0.022 0.204 0.033 
Height Neurot -0.064 -0.119 -0.007 0.064 0.024 -0.053 0.108 0.519 -0.014 137.54 -0.088 -0.186 0.006 0.083 
Height SCZ -0.059 -0.111 -0.007 0.093 0.039 -0.038 0.116 0.305 -0.003 166.69 -0.098 -0.188 -0.007 0.058 
Height SRH 0.054 0.001 0.106 0.12 -0.024 -0.098 0.048 0.55 0.01 143.77 0.078 -0.01 0.167 0.14 
IQ ADHD -0.079 -0.128 -0.03 0.018 -0.03 -0.102 0.043 0.423 -0.052 62.35 -0.049 -0.137 0.036 0.323 
IQ BMI -0.01 -0.058 0.039 0.766 0.017 -0.055 0.092 0.641 0.005 268.95 -0.027 -0.116 0.061 0.586 
IQ EA 0.27 0.222 0.319 5.60e-16 0.142 0.064 0.219 2.75e-04 0.196 47.47 0.128 0.041 0.217 0.011 
IQ Height 0.06 0.006 0.116 0.073 0.049 -0.028 0.127 0.183 0.054 18.48 0.011 -0.084 0.106 0.823 
IQ IQ 0.266 0.217 0.315 1.28e-14 0.146 0.072 0.219 1.68e-04 0.197 45.14 0.12 0.031 0.211 0.019 
IQ Neurot -0.01 -0.061 0.043 0.773 -0.082 -0.161 -0.008 0.024 -0.049 -745.2 0.073 -0.017 0.167 0.143 
IQ SCZ -0.017 -0.066 0.036 0.625 0.005 -0.068 0.076 0.902 -0.005 127.1 -0.021 -0.104 0.066 0.673 
IQ SRH 0.114 0.065 0.164 6.16e-04 0.025 -0.052 0.103 0.517 0.065 78.18 0.089 0.001 0.181 0.079 
Neurot ADHD -0.025 -0.09 0.039 0.552 0.059 -0.054 0.171 0.372 0.052 331.16 -0.084 -0.215 0.043 0.282 
Neurot BMI -0.029 -0.101 0.044 0.492 0.054 -0.068 0.18 0.386 0.047 286.23 -0.083 -0.231 0.062 0.269 
Neurot EA 0.02 -0.039 0.079 0.613 0.099 -0.052 0.258 0.177 0.092 -399.84 -0.079 -0.246 0.082 0.339 
Neurot Height -0.012 -0.078 0.054 0.767 0.018 -0.102 0.138 0.783 0.016 247.02 -0.03 -0.167 0.106 0.695 
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Neurot IQ -0.031 -0.091 0.029 0.446 0.023 -0.113 0.162 0.749 0.018 173.55 -0.054 -0.208 0.097 0.511 
Neurot Neurot 0.126 0.062 0.191 0.002 0.045 -0.084 0.172 0.483 0.051 64.32 0.081 -0.053 0.223 0.286 
Neurot SCZ -0.036 -0.102 0.029 0.387 0.106 -0.025 0.236 0.119 0.094 396.42 -0.141 -0.289 0.006 0.074 
Neurot SRH -0.056 -0.115 0.004 0.161 -0.011 -0.145 0.12 0.875 -0.014 80.76 -0.045 -0.188 0.104 0.568 
SCZ ADHD 0.071 0.016 0.125 0.065 0.016 -0.079 0.111 0.737 0.033 76.97 0.054 -0.061 0.169 0.378 
SCZ BMI 0.118 0.064 0.172 0.002 0.082 -0.008 0.173 0.085 0.093 30.16 0.036 -0.066 0.137 0.559 
SCZ EA -0.064 -0.124 -0.004 0.083 -0.015 -0.114 0.084 0.763 -0.03 76.86 -0.05 -0.167 0.065 0.423 
SCZ Height 0.022 -0.031 0.073 0.553 -0.02 -0.109 0.069 0.685 -0.007 192.28 0.041 -0.062 0.146 0.497 
SCZ IQ -0.033 -0.089 0.023 0.371 0.014 -0.087 0.116 0.77 0 144.02 -0.047 -0.162 0.07 0.442 
SCZ Neurot 0.044 -0.013 0.101 0.249 0.02 -0.067 0.106 0.667 0.027 55.02 0.024 -0.077 0.126 0.685 
SCZ SCZ 0.029 -0.028 0.086 0.446 0.032 -0.062 0.125 0.504 0.031 -12.43 -0.004 -0.108 0.103 0.953 
SCZ SRH -0.134 -0.194 -0.071 4.49e-04 -0.086 -0.173 0.002 0.076 -0.101 35.48 -0.047 -0.16 0.063 0.44 
Note. BMI = Body Mass Index; IQ = Intelligence; GCSE = General Certificate of Secondary Education (educational achievement); ADHD = 
Attention-Deficit/Hyperactivity Disorder; SCZ = Schizophrenia symptoms; EA = Educational Attainment; Neurot = Neuroticism; SRH = Self-
rated Health; B = Between-family estimate; W = Within-family estimate; L.CI = Lower 95% bootstrap percentile interval; U.CI = Upper 95% 
bootstrap percentile interval;  P = statistical significance of beta estimate; TotEff = Total effect derived as the intra-class correlation weighted 
sum of the within- and between family effect. PercRed = Reduction of prediction estimates when comparing within- to between-family 
estimates in percentage. BetaDiff = Difference of between-family and within-family beta coefficient; P.diff = statistical significance of difference 
between within- and between-family estimates. 
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Table S14. Within- and between-family prediction estimates after accounting for family socio-economic status for same-sex twin 
pairs 
pheno GPS beta.B L.CI.B U.CI.B P.B beta.W L.CI.W U.CI.W P.W TotEff PercRed BetaDiff Diff.L.CI Diff.U.CI P.diff 
ADHD ADHD 0.114 0.072 0.156 1.54e-05 0.168 0.101 0.235 5.04e-07 0.152 -47.81 -0.054 -0.131 0.024 0.199 
ADHD BMI 0.057 0.017 0.096 0.029 0.042 -0.019 0.102 0.197 0.046 25.77 0.015 -0.055 0.087 0.725 
ADHD EA -0.065 -0.11 -0.021 0.018 -0.208 -0.28 -0.137 2.07e-09 -0.163 -221.41 0.143 0.061 0.226 0.001 
ADHD Height -0.049 -0.086 -0.01 0.056 -0.006 -0.071 0.059 0.861 -0.019 87.89 -0.043 -0.12 0.033 0.31 
ADHD IQ -0.07 -0.11 -0.029 0.008 -0.117 -0.183 -0.051 7.95e-04 -0.103 -66.61 0.047 -0.03 0.122 0.284 
ADHD Neurot 0.038 0.001 0.076 0.136 0.096 0.032 0.159 0.004 0.078 -151.34 -0.058 -0.13 0.015 0.168 
ADHD SCZ 0.014 -0.026 0.054 0.576 0.055 -0.011 0.121 0.098 0.043 -288.78 -0.041 -0.117 0.033 0.327 
ADHD SRH -0.1 -0.138 -0.061 1.39e-04 -0.069 -0.135 -0.001 0.048 -0.078 31.15 -0.031 -0.106 0.044 0.474 
BMI ADHD 0.043 -0.003 0.089 0.215 0.023 -0.066 0.111 0.592 0.029 46.08 0.02 -0.079 0.118 0.72 
BMI BMI 0.309 0.258 0.358 1.59e-20 0.313 0.233 0.392 1.44e-14 0.312 -1.35 -0.004 -0.097 0.091 0.935 
BMI EA -0.05 -0.11 0.007 0.179 -0.063 -0.151 0.027 0.161 -0.059 -24.56 0.012 -0.099 0.121 0.832 
BMI Height -0.073 -0.123 -0.025 0.028 -0.068 -0.161 0.025 0.124 -0.069 7.55 -0.006 -0.112 0.101 0.92 
BMI IQ -0.027 -0.083 0.028 0.438 0.015 -0.071 0.103 0.733 0.002 155.64 -0.042 -0.146 0.063 0.453 
BMI Neurot -0.067 -0.117 -0.018 0.049 -0.005 -0.089 0.076 0.907 -0.024 92.56 -0.062 -0.159 0.036 0.254 
BMI SCZ -0.023 -0.079 0.035 0.503 -0.078 -0.162 0.005 0.069 -0.061 -240.46 0.055 -0.048 0.159 0.314 
BMI SRH -0.127 -0.177 -0.076 3.34e-04 -0.156 -0.242 -0.074 3.72e-04 -0.147 -23.13 0.029 -0.069 0.133 0.6 
GCSE ADHD -0.097 -0.134 -0.059 1.27e-04 -0.072 -0.128 -0.018 0.01 -0.083 25.66 -0.025 -0.092 0.041 0.508 
GCSE BMI -0.089 -0.127 -0.051 4.88e-04 -0.021 -0.073 0.03 0.425 -0.051 76.08 -0.068 -0.132 -0.002 0.066 
GCSE EA 0.247 0.209 0.284 7.33e-21 0.222 0.167 0.278 2.40e-15 0.233 10.32 0.026 -0.046 0.094 0.5 
GCSE Height 0.015 -0.021 0.052 0.54 0.03 -0.026 0.085 0.288 0.023 -94.32 -0.014 -0.08 0.052 0.7 
GCSE IQ 0.224 0.189 0.26 1.08e-18 0.207 0.152 0.264 2.34e-13 0.215 7.45 0.017 -0.051 0.084 0.656 
GCSE Neurot -0.063 -0.1 -0.024 0.011 -0.115 -0.166 -0.064 1.52e-05 -0.091 -82.83 0.052 -0.011 0.116 0.15 
GCSE SCZ -0.005 -0.043 0.032 0.84 -0.002 -0.059 0.053 0.927 -0.004 50.01 -0.002 -0.068 0.064 0.946 
GCSE SRH 0.11 0.073 0.145 1.70e-05 0.067 0.011 0.123 0.017 0.086 39.2 0.043 -0.025 0.109 0.254 
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SRH ADHD -0.051 -0.101 -0.003 0.114 -0.085 -0.173 -0.001 0.066 -0.079 -66.99 0.034 -0.061 0.135 0.544 
SRH BMI -0.125 -0.169 -0.081 8.32e-05 -0.036 -0.118 0.048 0.426 -0.05 71.25 -0.089 -0.182 0.004 0.105 
SRH EA 0.038 -0.016 0.09 0.265 0.078 -0.012 0.167 0.104 0.071 -105.54 -0.04 -0.145 0.064 0.494 
SRH Height 0.052 0.006 0.1 0.086 0.014 -0.074 0.101 0.76 0.021 72.33 0.038 -0.059 0.136 0.501 
SRH IQ 0.028 -0.023 0.078 0.38 0.05 -0.041 0.144 0.287 0.047 -77.88 -0.022 -0.13 0.084 0.699 
SRH Neurot -0.086 -0.133 -0.039 0.006 -0.027 -0.115 0.061 0.55 -0.037 68.28 -0.059 -0.159 0.043 0.288 
SRH SCZ -0.067 -0.117 -0.017 0.033 -0.036 -0.127 0.054 0.439 -0.041 46.96 -0.032 -0.134 0.073 0.571 
SRH SRH 0.122 0.071 0.173 1.53e-04 0.131 0.031 0.227 0.006 0.129 -6.97 -0.009 -0.119 0.101 0.882 
Height ADHD -0.013 -0.07 0.044 0.717 -0.067 -0.146 0.011 0.084 -0.044 -418.39 0.054 -0.042 0.15 0.304 
Height BMI -0.015 -0.071 0.04 0.678 -0.013 -0.085 0.061 0.729 -0.014 11.12 -0.002 -0.095 0.089 0.975 
Height EA -0.004 -0.064 0.056 0.92 -0.038 -0.116 0.044 0.345 -0.023 -897.21 0.034 -0.071 0.137 0.536 
Height Height 0.434 0.39 0.478 4.00e-42 0.386 0.311 0.462 8.27e-24 0.405 10.97 0.048 -0.041 0.137 0.318 
Height IQ 0.04 -0.013 0.094 0.266 -0.05 -0.122 0.024 0.212 -0.011 224.5 0.09 -0.004 0.183 0.094 
Height Neurot -0.064 -0.12 -0.007 0.066 0.033 -0.047 0.118 0.382 -0.008 152.19 -0.098 -0.197 -0.002 0.059 
Height SCZ -0.056 -0.11 -0.003 0.11 0.036 -0.042 0.113 0.359 -0.004 163.31 -0.092 -0.184 0 0.079 
Height SRH 0.039 -0.018 0.092 0.285 -0.023 -0.095 0.05 0.574 0.004 158.37 0.061 -0.032 0.153 0.256 
IQ ADHD -0.04 -0.086 0.005 0.201 -0.031 -0.104 0.042 0.415 -0.034 22.33 -0.009 -0.094 0.08 0.856 
IQ BMI 0.025 -0.02 0.07 0.433 0.019 -0.056 0.096 0.607 0.021 22.72 0.006 -0.083 0.092 0.908 
IQ EA 0.157 0.105 0.208 2.97e-06 0.132 0.053 0.21 8.53e-04 0.141 15.55 0.024 -0.069 0.117 0.637 
IQ Height 0.019 -0.031 0.07 0.559 0.041 -0.038 0.12 0.273 0.033 -121.64 -0.023 -0.115 0.072 0.646 
IQ IQ 0.199 0.153 0.247 2.21e-09 0.137 0.062 0.212 5.70e-04 0.16 31.39 0.063 -0.027 0.153 0.223 
IQ Neurot 0.002 -0.046 0.051 0.954 -0.084 -0.162 -0.006 0.025 -0.052 4,776 0.086 -0.006 0.178 0.079 
IQ SCZ -0.006 -0.052 0.04 0.852 0.008 -0.064 0.08 0.836 0.003 231.51 -0.014 -0.099 0.071 0.78 
IQ SRH 0.046 -0.003 0.095 0.146 0.021 -0.056 0.101 0.595 0.03 55.1 0.026 -0.067 0.116 0.612 
Neurot ADHD -0.029 -0.095 0.037 0.499 0.063 -0.052 0.178 0.348 0.055 312.8 -0.092 -0.224 0.041 0.246 
Neurot BMI -0.033 -0.107 0.045 0.455 0.05 -0.077 0.176 0.429 0.043 254.86 -0.083 -0.232 0.065 0.281 
Neurot EA 0.034 -0.032 0.098 0.429 0.096 -0.059 0.249 0.196 0.091 -181.03 -0.062 -0.227 0.104 0.47 
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Neurot Height -0.009 -0.077 0.058 0.826 0.016 -0.106 0.134 0.809 0.014 273.61 -0.026 -0.163 0.115 0.746 
Neurot IQ -0.03 -0.095 0.036 0.481 0.03 -0.108 0.167 0.678 0.025 198.5 -0.06 -0.213 0.094 0.472 
Neurot Neurot 0.13 0.064 0.197 0.002 0.041 -0.093 0.172 0.536 0.048 68.54 0.089 -0.051 0.236 0.253 
Neurot SCZ -0.041 -0.108 0.028 0.334 0.09 -0.04 0.217 0.194 0.079 321.75 -0.131 -0.278 0.02 0.105 
Neurot SRH -0.056 -0.117 0.006 0.181 -0.01 -0.144 0.119 0.89 -0.013 82.75 -0.046 -0.189 0.104 0.568 
SCZ ADHD 0.058 0.004 0.115 0.125 0.018 -0.079 0.117 0.718 0.029 69.51 0.041 -0.076 0.158 0.514 
SCZ BMI 0.103 0.049 0.156 0.006 0.091 -0.001 0.182 0.06 0.095 12.02 0.012 -0.09 0.114 0.839 
SCZ EA -0.044 -0.108 0.021 0.268 -0.018 -0.115 0.082 0.72 -0.025 58.82 -0.026 -0.145 0.089 0.687 
SCZ Height 0.034 -0.019 0.088 0.343 -0.021 -0.113 0.069 0.667 -0.006 162.63 0.056 -0.048 0.16 0.364 
SCZ IQ -0.015 -0.07 0.041 0.689 0.011 -0.091 0.113 0.826 0.004 173.69 -0.026 -0.142 0.09 0.678 
SCZ Neurot 0.038 -0.021 0.095 0.318 0.014 -0.074 0.101 0.767 0.021 62.85 0.024 -0.078 0.126 0.695 
SCZ SCZ 0.025 -0.031 0.081 0.51 0.031 -0.066 0.126 0.536 0.029 -23.5 -0.006 -0.112 0.102 0.925 
SCZ SRH -0.113 -0.175 -0.05 0.003 -0.084 -0.174 0.003 0.088 -0.092 25.87 -0.029 -0.143 0.085 0.638 
Note. BMI = Body Mass Index; IQ = Intelligence; GCSE = General Certificate of Secondary Education (educational achievement); ADHD = 
Attention-Deficit/Hyperactivity Disorder; SCZ = Schizophrenia symptoms; EA = Educational Attainment; Neurot = Neuroticism; SRH = Self-
rated Health; B = Between-family estimate; W = Within-family estimate; L.CI = Lower 95% bootstrap percentile interval; U.CI = Upper 95% 
bootstrap percentile interval;  P = statistical significance of beta estimate; TotEff = Total effect derived as the intra-class correlation weighted 
sum of the within- and between family effect. PercRed = Reduction of prediction estimates when comparing within- to between-family 
estimates in percentage. BetaDiff = Difference of between-family and within-family beta coefficient; P.diff = statistical significance of difference 
between within- and between-family estimates. 
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Table S15. Within- and between-family prediction estimates for opposite-sex twin pairs 
pheno GPS beta.B L.CI.B U.CI.B P.B beta.W L.CI.W U.CI.W P.W TotEff PercRed BetaDiff Diff.L.CI Diff.U.CI P.diff 
ADHD ADHD 0.087 0.046 0.127 0.002 0.081 0.014 0.147 0.017 0.083 7.65 0.007 -0.073 0.087 0.878 
ADHD BMI 0.099 0.058 0.14 2.64e-04 0.029 -0.039 0.097 0.415 0.051 70.61 0.07 -0.009 0.149 0.118 
ADHD EA -0.114 -0.151 -0.076 1.77e-05 -0.057 -0.133 0.018 0.132 -0.074 50.36 -0.057 -0.143 0.029 0.211 
ADHD Height 0.035 -0.007 0.077 0.197 0.049 -0.014 0.112 0.15 0.044 -38.19 -0.013 -0.089 0.061 0.757 
ADHD IQ -0.105 -0.146 -0.065 8.45e-05 -0.125 -0.192 -0.057 3.36e-04 -0.119 -18.31 0.019 -0.058 0.098 0.659 
ADHD Neurot 0.046 0.003 0.089 0.109 0.013 -0.05 0.076 0.687 0.023 71.17 0.033 -0.039 0.105 0.453 
ADHD SCZ -0.017 -0.058 0.023 0.533 0.015 -0.051 0.082 0.659 0.005 189.84 -0.033 -0.109 0.046 0.463 
ADHD SRH -0.116 -0.156 -0.075 2.15e-05 0.005 -0.064 0.077 0.882 -0.032 104.5 -0.121 -0.203 -0.039 0.006 
BMI ADHD 0.055 -0.004 0.114 0.148 0.094 0.003 0.184 0.049 0.083 -72.02 -0.039 -0.145 0.07 0.517 
BMI BMI 0.375 0.322 0.427 7.22e-26 0.279 0.193 0.366 1.12e-08 0.3 25.66 0.096 -0.004 0.194 0.102 
BMI EA -0.103 -0.161 -0.044 0.005 -0.057 -0.163 0.048 0.293 -0.07 45.25 -0.047 -0.164 0.072 0.471 
BMI Height 0.011 -0.046 0.066 0.764 0.014 -0.079 0.11 0.757 0.013 -32.91 -0.004 -0.111 0.104 0.952 
BMI IQ -0.027 -0.079 0.026 0.455 0.008 -0.097 0.11 0.869 -0.002 129.74 -0.035 -0.15 0.081 0.562 
BMI Neurot -0.113 -0.178 -0.05 0.003 -0.011 -0.096 0.078 0.821 -0.039 90.63 -0.103 -0.213 0.004 0.089 
BMI SCZ -0.092 -0.146 -0.039 0.015 -0.024 -0.117 0.071 0.618 -0.043 73.52 -0.068 -0.176 0.037 0.272 
BMI SRH -0.102 -0.164 -0.039 0.008 -0.117 -0.206 -0.029 0.014 -0.113 -14.89 0.015 -0.089 0.122 0.804 
GCSE ADHD -0.164 -0.207 -0.12 8.52e-08 -0.061 -0.111 -0.01 0.024 -0.12 62.87 -0.103 -0.169 -0.035 0.011 
GCSE BMI -0.106 -0.151 -0.061 4.84e-04 -0.023 -0.08 0.035 0.424 -0.071 78.62 -0.084 -0.158 -0.009 0.044 
GCSE EA 0.423 0.384 0.461 4.32e-51 0.204 0.147 0.259 4.47e-12 0.32 51.78 0.219 0.152 0.289 3.02e-08 
GCSE Height 0.003 -0.042 0.047 0.91 -0.029 -0.084 0.025 0.277 -0.01 973.95 0.033 -0.038 0.103 0.416 
GCSE IQ 0.305 0.264 0.347 4.22e-25 0.198 0.147 0.25 5.85e-13 0.259 35 0.107 0.04 0.172 0.007 
GCSE Neurot -0.062 -0.111 -0.015 0.052 -0.009 -0.06 0.042 0.719 -0.04 84.94 -0.053 -0.122 0.015 0.2 
GCSE SCZ 0.098 0.054 0.144 0.001 -0.03 -0.084 0.025 0.278 0.045 130.25 0.128 0.057 0.2 0.002 
GCSE SRH 0.144 0.098 0.191 3.98e-06 0.048 -0.008 0.103 0.084 0.103 66.87 0.096 0.022 0.169 0.02 
SRH ADHD -0.042 -0.093 0.008 0.206 -0.054 -0.16 0.051 0.298 -0.053 -29.16 0.012 -0.105 0.131 0.843 
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SRH BMI -0.076 -0.129 -0.025 0.019 0.016 -0.084 0.119 0.756 0.009 121.54 -0.093 -0.206 0.02 0.134 
SRH EA 0.075 0.025 0.123 0.02 0.087 -0.022 0.194 0.134 0.086 -16.59 -0.012 -0.132 0.109 0.852 
SRH Height 0.061 0.013 0.113 0.052 -0.029 -0.125 0.071 0.569 -0.021 146.86 0.09 -0.021 0.198 0.129 
SRH IQ -0.007 -0.06 0.046 0.822 0.008 -0.103 0.114 0.886 0.006 206.96 -0.015 -0.13 0.105 0.812 
SRH Neurot -0.069 -0.123 -0.014 0.041 -0.001 -0.094 0.09 0.98 -0.007 98.18 -0.067 -0.175 0.039 0.268 
SRH SCZ -0.003 -0.053 0.046 0.922 -0.048 -0.152 0.055 0.362 -0.044 -1,423.01 0.045 -0.069 0.16 0.466 
SRH SRH 0.144 0.095 0.193 6.68e-06 0.02 -0.078 0.116 0.715 0.02 86.4 0.124 0.015 0.233 0.045 
Height ADHD -0.047 -0.107 0.015 0.228 -0.046 -0.129 0.038 0.263 -0.046 1.82 -0.001 -0.105 0.101 0.988 
Height BMI -0.015 -0.074 0.044 0.689 0.064 -0.016 0.14 0.123 0.029 521.91 -0.079 -0.175 0.02 0.158 
Height EA 0.036 -0.021 0.092 0.338 0.032 -0.058 0.123 0.493 0.033 11.83 0.004 -0.095 0.105 0.943 
Height Height 0.5 0.452 0.552 3.83e-49 0.429 0.349 0.509 1.35e-29 0.457 14.26 0.071 -0.028 0.169 0.135 
Height IQ 0.019 -0.042 0.079 0.609 0.039 -0.047 0.125 0.346 0.03 -110.25 -0.021 -0.119 0.08 0.71 
Height Neurot -0.051 -0.106 0.004 0.19 -0.012 -0.09 0.064 0.764 -0.029 76.38 -0.039 -0.132 0.057 0.485 
Height SCZ -0.043 -0.1 0.014 0.257 -0.012 -0.089 0.063 0.779 -0.025 72.92 -0.031 -0.125 0.062 0.577 
Height SRH 0.061 0.006 0.118 0.115 -0.03 -0.109 0.046 0.461 0.01 149.07 0.091 -0.004 0.189 0.104 
IQ ADHD -0.095 -0.153 -0.039 0.008 0.024 -0.055 0.103 0.549 -0.021 125.78 -0.119 -0.216 -0.023 0.028 
IQ BMI -0.052 -0.105 0 0.143 0.011 -0.071 0.092 0.787 -0.013 121.3 -0.063 -0.158 0.034 0.244 
IQ EA 0.236 0.186 0.287 2.89e-12 0.106 0.016 0.195 0.021 0.153 54.8 0.129 0.027 0.234 0.023 
IQ Height -0.052 -0.104 0.001 0.144 0.04 -0.045 0.121 0.317 0.004 175.93 -0.092 -0.188 0.006 0.084 
IQ IQ 0.259 0.206 0.312 3.11e-14 0.127 0.048 0.205 0.002 0.174 50.92 0.132 0.034 0.23 0.013 
IQ Neurot -0.032 -0.089 0.028 0.381 0.048 -0.028 0.122 0.208 0.017 251.49 -0.08 -0.176 0.018 0.128 
IQ SCZ 0.033 -0.021 0.089 0.365 0.021 -0.059 0.101 0.603 0.026 35.04 0.011 -0.084 0.108 0.833 
IQ SRH 0.104 0.051 0.158 0.004 0.019 -0.064 0.103 0.651 0.052 81.28 0.084 -0.015 0.185 0.131 
Neurot ADHD 0.005 -0.065 0.077 0.909 0.106 -0.029 0.238 0.131 0.093 -1,915.36 -0.101 -0.252 0.052 0.228 
Neurot BMI -0.004 -0.067 0.059 0.923 -0.023 -0.168 0.118 0.742 -0.021 -428.58 0.019 -0.139 0.182 0.822 
Neurot EA 0.011 -0.062 0.086 0.789 -0.082 -0.228 0.068 0.294 -0.071 824.02 0.094 -0.07 0.255 0.292 
Neurot Height -0.037 -0.108 0.029 0.393 0.055 -0.077 0.188 0.427 0.043 246.22 -0.092 -0.241 0.057 0.257 
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Neurot IQ 0.026 -0.043 0.095 0.572 0.09 -0.048 0.233 0.193 0.082 -247.44 -0.064 -0.222 0.086 0.438 
Neurot Neurot 0.087 0.007 0.173 0.076 -0.006 -0.14 0.133 0.932 0.005 106.6 0.093 -0.067 0.256 0.265 
Neurot SCZ 0.013 -0.068 0.092 0.782 0.018 -0.125 0.163 0.791 0.018 -43.33 -0.006 -0.175 0.165 0.947 
Neurot SRH -0.02 -0.087 0.049 0.667 -0.039 -0.182 0.102 0.579 -0.036 -96.1 0.019 -0.135 0.178 0.82 
SCZ ADHD 0.012 -0.048 0.071 0.773 -0.012 -0.117 0.096 0.823 -0.008 204.09 0.024 -0.101 0.144 0.724 
SCZ BMI 0.099 0.041 0.158 0.01 -0.01 -0.13 0.115 0.861 0.01 110.12 0.109 -0.027 0.242 0.111 
SCZ EA -0.102 -0.163 -0.039 0.01 0.043 -0.077 0.16 0.499 0.016 142.06 -0.145 -0.281 -0.004 0.052 
SCZ Height -0.026 -0.092 0.042 0.496 0.026 -0.071 0.123 0.64 0.016 201.05 -0.052 -0.175 0.071 0.44 
SCZ IQ -0.013 -0.076 0.05 0.731 0.039 -0.068 0.147 0.52 0.029 389.35 -0.052 -0.18 0.074 0.466 
SCZ Neurot 0.082 0.025 0.142 0.043 -0.07 -0.167 0.026 0.181 -0.041 185.91 0.152 0.038 0.267 0.022 
SCZ SCZ -0.058 -0.117 0.002 0.148 -0.06 -0.176 0.055 0.289 -0.06 -4.98 0.003 -0.131 0.137 0.967 
SCZ SRH -0.11 -0.167 -0.053 0.006 0.069 -0.044 0.18 0.214 0.035 162.53 -0.179 -0.299 -0.058 0.009 
Note. BMI = Body Mass Index; IQ = Intelligence; GCSE = General Certificate of Secondary Education (educational achievement); ADHD = 
Attention-Deficit/Hyperactivity Disorder; SCZ = Schizophrenia symptoms; EA = Educational Attainment; Neurot = Neuroticism; SRH = Self-
rated Health; B = Between-family estimate; W = Within-family estimate; L.CI = Lower 95% bootstrap percentile interval; U.CI = Upper 95% 
bootstrap percentile interval;  P = statistical significance of beta estimate; TotEff = Total effect derived as the intra-class correlation weighted 
sum of the within- and between family effect. PercRed = Reduction of prediction estimates when comparing within- to between-family 
estimates in percentage. BetaDiff = Difference of between-family and within-family beta coefficient; P.diff = statistical significance of difference 
between within- and between-family estimates. 
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Table S16. Within- and between-family prediction estimates after accounting for family socio-economic status for opposite-sex twin 
pairs 
pheno GPS beta.B L.CI.B U.CI.B P.B beta.W L.CI.W U.CI.W P.W TotEff PercRed BetaDiff Diff.L.CI Diff.U.CI P.diff 
ADHD ADHD 0.056 0.013 0.099 0.042 0.074 0.009 0.137 0.028 0.068 -30.95 -0.017 -0.095 0.063 0.688 
ADHD BMI 0.059 0.018 0.1 0.03 0.039 -0.03 0.11 0.267 0.045 32.97 0.019 -0.062 0.1 0.664 
ADHD EA -0.034 -0.076 0.008 0.241 -0.055 -0.129 0.022 0.14 -0.049 -61.93 0.021 -0.068 0.109 0.656 
ADHD Height 0.027 -0.016 0.07 0.319 0.05 -0.013 0.114 0.139 0.043 -86.08 -0.023 -0.102 0.052 0.592 
ADHD IQ -0.064 -0.106 -0.023 0.017 -0.108 -0.17 -0.044 0.002 -0.094 -66.99 0.043 -0.033 0.119 0.323 
ADHD Neurot 0.022 -0.019 0.064 0.429 0.014 -0.048 0.078 0.662 0.017 36.68 0.008 -0.065 0.081 0.848 
ADHD SCZ -0.013 -0.051 0.027 0.64 0.019 -0.047 0.084 0.593 0.009 246.76 -0.031 -0.106 0.045 0.477 
ADHD SRH -0.071 -0.111 -0.031 0.011 0.006 -0.062 0.076 0.865 -0.017 108.36 -0.077 -0.158 0.003 0.084 
BMI ADHD 0.038 -0.018 0.095 0.312 0.093 0.002 0.184 0.056 0.079 -144.38 -0.055 -0.163 0.051 0.371 
BMI BMI 0.354 0.301 0.405 2.49e-23 0.277 0.189 0.37 2.77e-08 0.293 21.66 0.077 -0.026 0.179 0.2 
BMI EA -0.027 -0.089 0.035 0.507 -0.063 -0.171 0.045 0.25 -0.053 -137.05 0.036 -0.092 0.159 0.591 
BMI Height -0.01 -0.068 0.045 0.773 0.012 -0.08 0.107 0.8 0.006 215.54 -0.022 -0.131 0.085 0.706 
BMI IQ 0.011 -0.041 0.064 0.758 0.013 -0.091 0.12 0.798 0.012 -13.05 -0.001 -0.118 0.115 0.981 
BMI Neurot -0.11 -0.172 -0.046 0.004 0.014 -0.069 0.1 0.766 -0.017 113.12 -0.124 -0.232 -0.018 0.043 
BMI SCZ -0.083 -0.135 -0.031 0.026 -0.021 -0.112 0.076 0.683 -0.036 75.26 -0.062 -0.172 0.042 0.318 
BMI SRH -0.069 -0.135 -0.004 0.08 -0.125 -0.213 -0.038 0.01 -0.11 -81.81 0.056 -0.054 0.166 0.366 
GCSE ADHD -0.067 -0.106 -0.03 0.011 -0.052 -0.1 -0.002 0.053 -0.059 22.96 -0.015 -0.081 0.048 0.681 
GCSE BMI -0.023 -0.06 0.014 0.38 -0.026 -0.083 0.032 0.356 -0.025 -15.65 0.004 -0.066 0.071 0.926 
GCSE EA 0.238 0.199 0.276 1.42e-18 0.198 0.142 0.254 2.00e-11 0.216 16.86 0.04 -0.029 0.107 0.309 
GCSE Height 0.002 -0.038 0.041 0.947 -0.033 -0.087 0.022 0.222 -0.017 2,047.97 0.035 -0.034 0.104 0.348 
GCSE IQ 0.199 0.163 0.237 9.77e-15 0.191 0.141 0.244 3.30e-12 0.195 4.07 0.008 -0.057 0.072 0.827 
GCSE Neurot -0.007 -0.047 0.034 0.8 -0.012 -0.062 0.04 0.656 -0.009 -68.75 0.005 -0.06 0.069 0.9 
GCSE SCZ 0.066 0.028 0.104 0.011 -0.034 -0.088 0.022 0.214 0.012 152.31 0.1 0.031 0.166 0.008 
GCSE SRH 0.025 -0.017 0.068 0.36 0.043 -0.013 0.097 0.122 0.034 -71.17 -0.018 -0.089 0.056 0.647 
241
 
SRH ADHD -0.04 -0.091 0.01 0.216 -0.062 -0.171 0.042 0.255 -0.062 -55.49 0.022 -0.093 0.14 0.726 
SRH BMI -0.081 -0.134 -0.027 0.011 0.014 -0.094 0.119 0.801 0.014 117.42 -0.095 -0.212 0.025 0.138 
SRH EA 0.072 0.016 0.125 0.036 0.077 -0.031 0.19 0.205 0.077 -7.84 -0.006 -0.131 0.115 0.936 
SRH Height 0.061 0.01 0.113 0.049 -0.03 -0.131 0.072 0.568 -0.03 149.83 0.091 -0.019 0.205 0.136 
SRH IQ -0.017 -0.071 0.039 0.586 0.007 -0.102 0.114 0.902 0.007 140.75 -0.024 -0.143 0.099 0.709 
SRH Neurot -0.056 -0.112 0 0.088 -0.004 -0.098 0.088 0.944 -0.004 93.18 -0.052 -0.159 0.055 0.41 
SRH SCZ -0.01 -0.06 0.038 0.76 -0.044 -0.148 0.061 0.413 -0.042 -345.92 0.034 -0.081 0.149 0.586 
SRH SRH 0.135 0.085 0.185 4.63e-05 0.015 -0.083 0.113 0.778 0.015 88.72 0.12 0.01 0.23 0.058 
Height ADHD -0.04 -0.104 0.024 0.311 -0.054 -0.138 0.03 0.189 -0.047 -34.38 0.014 -0.089 0.119 0.809 
Height BMI -0.017 -0.079 0.043 0.658 0.046 -0.034 0.126 0.277 0.017 365.72 -0.063 -0.163 0.038 0.271 
Height EA 0.035 -0.029 0.099 0.401 0.046 -0.049 0.14 0.32 0.041 -30.51 -0.011 -0.12 0.099 0.863 
Height Height 0.519 0.471 0.568 2.98e-51 0.411 0.336 0.488 2.47e-27 0.453 20.67 0.107 0.016 0.2 0.025 
Height IQ 0.012 -0.051 0.074 0.756 0.062 -0.024 0.145 0.141 0.039 -423.67 -0.05 -0.147 0.049 0.376 
Height Neurot -0.044 -0.101 0.013 0.268 -0.017 -0.096 0.061 0.669 -0.03 60.57 -0.027 -0.122 0.07 0.638 
Height SCZ -0.047 -0.106 0.012 0.222 -0.015 -0.093 0.062 0.721 -0.029 68.12 -0.032 -0.128 0.064 0.573 
Height SRH 0.055 -0.004 0.114 0.173 -0.016 -0.096 0.058 0.686 0.016 129.83 0.072 -0.024 0.171 0.211 
IQ ADHD -0.043 -0.1 0.013 0.206 0.029 -0.051 0.11 0.477 0.006 168.25 -0.072 -0.168 0.024 0.175 
IQ BMI 0.017 -0.035 0.066 0.617 -0.004 -0.085 0.078 0.93 0.003 121.98 0.02 -0.076 0.118 0.702 
IQ EA 0.094 0.04 0.148 0.007 0.101 0.01 0.192 0.03 0.098 -7.5 -0.007 -0.114 0.101 0.903 
IQ Height -0.034 -0.083 0.015 0.305 0.042 -0.042 0.124 0.293 0.018 223.1 -0.076 -0.17 0.02 0.142 
IQ IQ 0.183 0.133 0.233 2.81e-08 0.122 0.041 0.202 0.004 0.14 33.5 0.061 -0.036 0.158 0.245 
IQ Neurot -0.001 -0.057 0.055 0.981 0.026 -0.05 0.102 0.507 0.017 3,246.29 -0.027 -0.125 0.07 0.605 
IQ SCZ 0.025 -0.027 0.081 0.449 0.016 -0.064 0.099 0.695 0.019 36.99 0.009 -0.09 0.106 0.859 
IQ SRH 0.015 -0.037 0.067 0.656 0.029 -0.055 0.113 0.494 0.025 -91.59 -0.014 -0.112 0.087 0.798 
Neurot ADHD 0.002 -0.071 0.08 0.97 0.106 -0.026 0.24 0.134 0.093 -5,910.41 -0.104 -0.26 0.049 0.218 
Neurot BMI -0.007 -0.073 0.062 0.882 -0.024 -0.169 0.119 0.736 -0.022 -248.42 0.017 -0.144 0.183 0.84 
Neurot EA 0.027 -0.047 0.101 0.555 -0.061 -0.211 0.093 0.446 -0.051 325.45 0.089 -0.082 0.255 0.338 
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Neurot Height -0.033 -0.105 0.038 0.465 0.055 -0.082 0.189 0.427 0.044 267.33 -0.088 -0.239 0.067 0.285 
Neurot IQ 0.033 -0.037 0.104 0.486 0.118 -0.02 0.258 0.093 0.107 -259.05 -0.085 -0.242 0.072 0.312 
Neurot Neurot 0.085 0.003 0.173 0.091 -0.017 -0.155 0.122 0.807 -0.005 119.7 0.101 -0.063 0.267 0.23 
Neurot SCZ 0.02 -0.061 0.102 0.668 0.014 -0.133 0.159 0.842 0.015 30.54 0.006 -0.165 0.177 0.942 
Neurot SRH -0.004 -0.075 0.067 0.939 -0.019 -0.168 0.129 0.789 -0.017 -415.93 0.015 -0.148 0.18 0.858 
SCZ ADHD -0.006 -0.067 0.056 0.891 -0.009 -0.116 0.102 0.873 -0.008 -58.7 0.003 -0.125 0.128 0.962 
SCZ BMI 0.099 0.038 0.159 0.009 -0.015 -0.141 0.115 0.793 0.004 115.37 0.114 -0.027 0.251 0.098 
SCZ EA -0.055 -0.127 0.018 0.203 0.058 -0.063 0.178 0.366 0.039 205.5 -0.113 -0.257 0.036 0.143 
SCZ Height -0.055 -0.115 0.008 0.14 0.019 -0.082 0.118 0.734 0.006 134.4 -0.074 -0.197 0.049 0.268 
SCZ IQ 0.022 -0.043 0.089 0.572 0.034 -0.076 0.146 0.573 0.032 -52.99 -0.012 -0.143 0.121 0.87 
SCZ Neurot 0.074 0.018 0.132 0.064 -0.09 -0.18 0.001 0.091 -0.062 221.34 0.164 0.055 0.272 0.013 
SCZ SCZ -0.04 -0.1 0.02 0.312 -0.073 -0.192 0.044 0.208 -0.068 -84.02 0.033 -0.103 0.17 0.633 
SCZ SRH -0.088 -0.145 -0.029 0.03 0.082 -0.032 0.194 0.143 0.053 193.45 -0.17 -0.292 -0.048 0.014 
Note. BMI = Body Mass Index; IQ = Intelligence; GCSE = General Certificate of Secondary Education (educational achievement); ADHD = 
Attention-Deficit/Hyperactivity Disorder; SCZ = Schizophrenia symptoms; EA = Educational Attainment; Neurot = Neuroticism; SRH = Self-
rated Health; B = Between-family estimate; W = Within-family estimate; L.CI = Lower 95% bootstrap percentile interval; U.CI = Upper 95% 
bootstrap percentile interval;  P = statistical significance of beta estimate; TotEff = Total effect derived as the intra-class correlation weighted 
sum of the within- and between family effect. PercRed = Reduction of prediction estimates when comparing within- to between-family 
estimates in percentage. BetaDiff = Difference of between-family and within-family beta coefficient; P.diff = statistical significance of difference 




Table S17. Within- and between-family prediction estimates based on twin pairs genotyped on OEE chip 
pheno GPS beta.B L.CI.B U.CI.B P.B beta.W L.CI.W U.CI.W P.W TotEff PercRed BetaDiff Diff.L.CI Diff.U.CI P.diff 
ADHD ADHD 0.138 0.094 0.183 4.29e-06 0.161 0.088 0.232 8.31e-06 0.154 -16.12 -0.022 -0.109 0.063 6.33e-01 
ADHD BMI 0.114 0.072 0.156 5.34e-05 0.028 -0.042 0.099 4.48e-01 0.054 75.56 0.086 0.004 0.169 6.21e-02 
ADHD EA -0.159 -0.204 -0.114 3.24e-08 -0.132 -0.213 -0.053 8.50e-04 -0.14 16.66 -0.026 -0.115 0.065 5.87e-01 
ADHD Height -0.021 -0.065 0.022 4.59e-01 0.028 -0.046 0.102 4.60e-01 0.012 230.8 -0.049 -0.134 0.036 2.99e-01 
ADHD IQ -0.143 -0.183 -0.102 3.59e-07 -0.131 -0.202 -0.059 4.38e-04 -0.135 7.84 -0.011 -0.094 0.07 8.10e-01 
ADHD Neurot 0.065 0.021 0.11 2.47e-02 0.049 -0.021 0.119 1.79e-01 0.054 25.71 0.017 -0.063 0.095 7.17e-01 
ADHD SCZ 0.015 -0.028 0.059 6.14e-01 -0.01 -0.083 0.06 7.85e-01 -0.002 169.47 0.025 -0.056 0.11 5.99e-01 
ADHD SRH -0.15 -0.192 -0.106 1.33e-07 0.009 -0.066 0.086 8.06e-01 -0.038 106.21 -0.159 -0.247 -0.071 7.41e-04 
BMI ADHD 0.112 0.057 0.168 4.48e-03 0.137 0.044 0.227 3.51e-03 0.128 -22.37 -0.025 -0.129 0.081 6.81e-01 
BMI BMI 0.35 0.292 0.407 1.54e-20 0.317 0.233 0.402 3.40e-12 0.327 9.31 0.033 -0.069 0.135 5.71e-01 
BMI EA -0.126 -0.184 -0.066 1.58e-03 -0.088 -0.189 0.011 8.49e-02 -0.1 29.66 -0.037 -0.157 0.081 5.64e-01 
BMI Height -0.009 -0.065 0.045 8.12e-01 -0.043 -0.15 0.061 3.60e-01 -0.032 -380.55 0.034 -0.085 0.152 5.71e-01 
BMI IQ -0.049 -0.106 0.01 1.89e-01 -0.023 -0.126 0.076 6.34e-01 -0.032 53.42 -0.026 -0.143 0.096 6.66e-01 
BMI Neurot -0.088 -0.142 -0.03 2.30e-02 -0.111 -0.196 -0.025 1.97e-02 -0.103 -26.71 0.023 -0.08 0.127 7.01e-01 
BMI SCZ -0.041 -0.107 0.025 2.97e-01 -0.083 -0.18 0.011 8.84e-02 -0.069 -100.31 0.041 -0.074 0.159 5.07e-01 
BMI SRH -0.136 -0.196 -0.075 5.31e-04 -0.171 -0.261 -0.082 3.93e-04 -0.159 -25.65 0.035 -0.076 0.145 5.72e-01 
GCSE ADHD -0.184 -0.231 -0.136 1.29e-08 -0.08 -0.136 -0.024 5.99e-03 -0.138 56.58 -0.104 -0.176 -0.031 1.60e-02 
GCSE BMI -0.179 -0.225 -0.133 1.21e-08 -0.041 -0.099 0.018 1.58e-01 -0.119 77.01 -0.138 -0.213 -0.063 1.22e-03 
GCSE EA 0.423 0.38 0.465 5.77e-43 0.196 0.138 0.257 1.65e-10 0.314 53.6 0.227 0.151 0.3 8.15e-08 
GCSE Height 0.047 0 0.094 1.24e-01 -0.022 -0.082 0.038 4.62e-01 0.018 146.52 0.069 -0.007 0.146 1.06e-01 
GCSE IQ 0.284 0.241 0.326 2.61e-20 0.211 0.154 0.27 6.88e-13 0.252 25.58 0.073 -0.001 0.146 8.24e-02 
GCSE Neurot -0.13 -0.181 -0.082 4.12e-05 -0.06 -0.116 -0.005 3.38e-02 -0.1 54.22 -0.071 -0.144 0.003 9.46e-02 
GCSE SCZ 0.058 0.01 0.105 6.87e-02 0.002 -0.061 0.063 9.44e-01 0.034 96.46 0.056 -0.022 0.134 1.97e-01 
GCSE SRH 0.193 0.145 0.24 6.61e-10 0.038 -0.021 0.097 2.00e-01 0.124 80.46 0.155 0.079 0.233 2.73e-04 
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SRH ADHD -0.049 -0.104 0.007 1.70e-01 -0.087 -0.188 0.012 8.50e-02 -0.08 -77.87 0.038 -0.073 0.156 5.37e-01 
SRH BMI -0.115 -0.166 -0.064 8.35e-04 -0.032 -0.128 0.063 5.11e-01 -0.046 71.74 -0.083 -0.192 0.024 1.69e-01 
SRH EA 0.117 0.062 0.172 8.36e-04 0.049 -0.05 0.147 3.67e-01 0.06 58.57 0.069 -0.042 0.178 2.84e-01 
SRH Height 0.053 0.001 0.106 1.15e-01 0.014 -0.091 0.118 7.76e-01 0.021 72.92 0.039 -0.078 0.155 5.23e-01 
SRH IQ 0.028 -0.026 0.081 4.05e-01 0.042 -0.061 0.146 4.10e-01 0.04 -49.87 -0.014 -0.133 0.102 8.19e-01 
SRH Neurot -0.084 -0.137 -0.032 1.46e-02 0.016 -0.085 0.113 7.53e-01 -0.001 118.95 -0.1 -0.208 0.015 1.02e-01 
SRH SCZ -0.07 -0.124 -0.016 4.70e-02 -0.048 -0.146 0.048 3.55e-01 -0.051 31.97 -0.022 -0.131 0.086 7.19e-01 
SRH SRH 0.128 0.071 0.182 2.31e-04 0.115 0.018 0.218 2.38e-02 0.117 9.8 0.013 -0.107 0.126 8.38e-01 
Height ADHD -0.026 -0.09 0.039 5.03e-01 -0.053 -0.139 0.034 2.22e-01 -0.042 -99.85 0.026 -0.08 0.136 6.51e-01 
Height BMI -0.018 -0.078 0.043 6.34e-01 -0.027 -0.105 0.052 5.28e-01 -0.023 -47.15 0.009 -0.088 0.106 8.80e-01 
Height EA 0.036 -0.029 0.097 3.60e-01 -0.052 -0.145 0.044 2.69e-01 -0.017 243.91 0.088 -0.028 0.199 1.50e-01 
Height Height 0.472 0.425 0.519 2.38e-42 0.474 0.389 0.564 1.44e-30 0.473 -0.37 -0.002 -0.103 0.096 9.73e-01 
Height IQ 0.062 0.003 0.12 9.24e-02 -0.013 -0.094 0.07 7.70e-01 0.017 120.53 0.075 -0.022 0.172 1.89e-01 
Height Neurot -0.048 -0.108 0.014 2.03e-01 -0.009 -0.099 0.088 8.42e-01 -0.024 81.95 -0.039 -0.148 0.067 4.93e-01 
Height SCZ -0.023 -0.08 0.035 5.63e-01 0.052 -0.032 0.138 2.34e-01 0.022 331.46 -0.075 -0.175 0.024 2.02e-01 
Height SRH 0.063 0.008 0.117 1.01e-01 -0.018 -0.098 0.061 6.82e-01 0.014 128.57 0.082 -0.016 0.181 1.64e-01 
IQ ADHD -0.056 -0.126 0.01 2.01e-01 -0.038 -0.133 0.059 4.29e-01 -0.045 32.09 -0.018 -0.132 0.094 7.82e-01 
IQ BMI -0.035 -0.095 0.023 3.98e-01 -0.015 -0.107 0.08 7.55e-01 -0.023 57.33 -0.02 -0.131 0.09 7.51e-01 
IQ EA 0.254 0.183 0.328 1.17e-08 0.12 0.018 0.221 2.64e-02 0.169 52.93 0.135 0.011 0.258 5.20e-02 
IQ Height 0.018 -0.051 0.084 6.62e-01 0.111 0.011 0.21 2.14e-02 0.074 -501.79 -0.093 -0.213 0.027 1.47e-01 
IQ IQ 0.237 0.17 0.305 3.03e-08 0.124 0.03 0.216 1.28e-02 0.166 47.44 0.112 -0.003 0.23 8.46e-02 
IQ Neurot -0.016 -0.083 0.051 7.18e-01 -0.029 -0.129 0.069 5.48e-01 -0.024 -84.6 0.013 -0.105 0.135 8.38e-01 
IQ SCZ -0.031 -0.094 0.033 4.87e-01 0.006 -0.092 0.103 9.07e-01 -0.009 118.71 -0.036 -0.154 0.08 5.81e-01 
IQ SRH 0.142 0.08 0.207 6.32e-04 0.06 -0.037 0.153 2.47e-01 0.091 57.93 0.082 -0.03 0.196 2.12e-01 
Neurot ADHD -0.051 -0.124 0.025 3.16e-01 0.051 -0.096 0.193 5.25e-01 0.051 199.75 -0.101 -0.268 0.066 2.81e-01 
Neurot BMI -0.015 -0.092 0.069 7.52e-01 -0.101 -0.257 0.05 2.06e-01 -0.101 -584.1 0.087 -0.086 0.268 3.49e-01 
Neurot EA 0.102 0.031 0.171 2.64e-02 0.053 -0.139 0.249 5.59e-01 0.053 47.91 0.049 -0.163 0.259 6.30e-01 
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Neurot Height 0.001 -0.069 0.072 9.76e-01 -0.069 -0.219 0.079 4.05e-01 -0.069 5,025.39 0.07 -0.099 0.24 4.55e-01 
Neurot IQ 0.081 0.015 0.148 7.68e-02 -0.004 -0.167 0.164 9.59e-01 -0.004 105.04 0.085 -0.09 0.26 3.54e-01 
Neurot Neurot 0.152 0.072 0.237 1.45e-03 -0.037 -0.21 0.14 6.36e-01 -0.037 124.46 0.189 0.005 0.373 3.83e-02 
Neurot SCZ 0.06 -0.023 0.143 2.27e-01 0.118 -0.05 0.286 1.57e-01 0.118 -97.87 -0.059 -0.253 0.137 5.45e-01 
Neurot SRH -0.025 -0.095 0.048 5.82e-01 -0.02 -0.177 0.135 8.12e-01 -0.02 21.09 -0.005 -0.177 0.169 9.55e-01 
SCZ ADHD 0.067 0.01 0.124 1.22e-01 -0.018 -0.112 0.08 7.50e-01 0.002 126.43 0.084 -0.031 0.198 2.28e-01 
SCZ BMI 0.147 0.081 0.213 3.53e-04 0.044 -0.068 0.162 4.32e-01 0.068 69.79 0.102 -0.028 0.231 1.40e-01 
SCZ EA -0.098 -0.164 -0.031 2.09e-02 0.053 -0.064 0.174 3.75e-01 0.017 153.99 -0.151 -0.292 -0.011 3.86e-02 
SCZ Height 0.017 -0.051 0.087 6.80e-01 0.03 -0.07 0.138 5.86e-01 0.027 -82.66 -0.014 -0.15 0.12 8.41e-01 
SCZ IQ -0.006 -0.071 0.059 8.79e-01 0.015 -0.102 0.136 7.94e-01 0.01 352.11 -0.022 -0.158 0.11 7.62e-01 
SCZ Neurot 0.049 -0.011 0.111 2.43e-01 0.032 -0.063 0.13 5.65e-01 0.036 35.46 0.017 -0.097 0.13 8.01e-01 
SCZ SCZ 0.006 -0.057 0.072 8.81e-01 0.072 -0.045 0.188 2.08e-01 0.056 -1,026.73 -0.066 -0.201 0.072 3.56e-01 
SCZ SRH -0.083 -0.15 -0.019 4.78e-02 -0.036 -0.149 0.075 5.24e-01 -0.047 56.93 -0.047 -0.177 0.085 4.99e-01 
Note. BMI = Body Mass Index; IQ = Intelligence; GCSE = General Certificate of Secondary Education (educational achievement); ADHD = 
Attention-Deficit/Hyperactivity Disorder; SCZ = Schizophrenia symptoms; EA = Educational Attainment; Neurot = Neuroticism; SRH = Self-
rated Health; B = Between-family estimate; W = Within-family estimate; L.CI = Lower 95% bootstrap percentile interval; U.CI = Upper 95% 
bootstrap percentile interval;  P = statistical significance of beta estimate; TotEff = Total effect derived as the intra-class correlation weighted 
sum of the within- and between family effect. PercRed = Reduction of prediction estimates when comparing within- to between-family 
estimates in percentage. BetaDiff = Difference of between-family and within-family beta coefficient; P.diff = statistical significance of difference 
between within- and between-family estimates.
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Table S18. Within- and between-family prediction estimates after accounting for family socio-economic status based on twin pairs 
genotyped on OEE chip 
pheno GPS beta.B L.CI.B U.CI.B P.B beta.W L.CI.W U.CI.W P.W TotEff PercRed BetaDiff Diff.L.CI Diff.U.CI P.diff 
ADHD ADHD 0.101 0.055 0.149 6.99e-04 0.158 0.088 0.229 9.92e-06 0.141 -56 -0.057 -0.142 0.029 0.221 
ADHD BMI 0.062 0.021 0.104 0.028 0.037 -0.033 0.109 0.314 0.044 40.44 0.025 -0.059 0.107 0.587 
ADHD EA -0.078 -0.125 -0.03 0.012 -0.121 -0.198 -0.042 0.002 -0.108 -55.69 0.043 -0.048 0.134 0.387 
ADHD Height -0.012 -0.055 0.031 0.673 0.037 -0.035 0.111 0.31 0.023 419.85 -0.049 -0.134 0.036 0.286 
ADHD IQ -0.107 -0.148 -0.064 1.34e-04 -0.114 -0.186 -0.042 0.002 -0.112 -6.59 0.007 -0.074 0.088 0.879 
ADHD Neurot 0.046 0.004 0.089 0.103 0.053 -0.018 0.124 0.137 0.051 -15.6 -0.007 -0.087 0.071 0.875 
ADHD SCZ 0.019 -0.024 0.063 0.5 -0.005 -0.078 0.065 0.89 0.002 127.06 0.025 -0.057 0.108 0.604 
ADHD SRH -0.106 -0.147 -0.065 2.01e-04 0.012 -0.064 0.088 0.753 -0.022 111.09 -0.118 -0.205 -0.032 0.012 
BMI ADHD 0.078 0.024 0.135 0.045 0.128 0.035 0.221 0.007 0.113 -63.62 -0.05 -0.157 0.058 0.416 
BMI BMI 0.329 0.273 0.383 2.40e-18 0.318 0.23 0.403 4.80e-12 0.321 3.29 0.011 -0.088 0.112 0.852 
BMI EA -0.066 -0.132 -0.001 0.12 -0.085 -0.189 0.012 0.102 -0.079 -28.13 0.019 -0.104 0.146 0.781 
BMI Height -0.007 -0.062 0.047 0.849 -0.04 -0.145 0.065 0.404 -0.03 -467.72 0.033 -0.085 0.153 0.585 
BMI IQ -0.028 -0.085 0.031 0.46 -0.011 -0.114 0.09 0.818 -0.016 59.49 -0.016 -0.133 0.103 0.789 
BMI Neurot -0.101 -0.156 -0.043 0.008 -0.095 -0.183 -0.006 0.055 -0.097 5.84 -0.006 -0.111 0.102 0.924 
BMI SCZ -0.047 -0.109 0.018 0.231 -0.083 -0.179 0.013 0.097 -0.072 -77.54 0.036 -0.079 0.153 0.566 
BMI SRH -0.091 -0.153 -0.03 0.022 -0.182 -0.275 -0.094 1.81e-04 -0.154 -100.22 0.091 -0.022 0.203 0.144 
GCSE ADHD -0.08 -0.122 -0.037 0.005 -0.077 -0.133 -0.024 0.008 -0.078 3.45 -0.003 -0.071 0.068 0.946 
GCSE BMI -0.086 -0.125 -0.048 0.002 -0.042 -0.102 0.018 0.15 -0.062 51.11 -0.044 -0.118 0.028 0.273 
GCSE EA 0.254 0.209 0.297 8.21e-18 0.183 0.122 0.243 2.56e-09 0.214 28.06 0.071 -0.004 0.146 0.089 
GCSE Height 0.028 -0.014 0.071 0.287 -0.031 -0.089 0.029 0.305 -0.004 208.08 0.059 -0.013 0.132 0.14 
GCSE IQ 0.184 0.144 0.222 1.16e-11 0.205 0.145 0.263 3.06e-12 0.195 -11.16 -0.021 -0.092 0.052 0.603 
GCSE Neurot -0.083 -0.125 -0.04 0.002 -0.066 -0.122 -0.009 0.021 -0.074 21.15 -0.018 -0.089 0.054 0.656 
GCSE SCZ 0.045 0.005 0.084 0.101 0.005 -0.059 0.067 0.875 0.023 89.62 0.04 -0.034 0.115 0.318 
GCSE SRH 0.064 0.02 0.11 0.023 0.03 -0.027 0.088 0.299 0.046 52.41 0.034 -0.041 0.109 0.408 
247
 
SRH ADHD -0.03 -0.087 0.025 0.399 -0.1 -0.199 -0.001 0.05 -0.089 -229.18 0.07 -0.048 0.186 0.264 
SRH BMI -0.109 -0.162 -0.056 0.002 -0.03 -0.129 0.069 0.548 -0.043 72.3 -0.079 -0.191 0.033 0.199 
SRH EA 0.103 0.041 0.164 0.008 0.048 -0.049 0.146 0.378 0.057 53.22 0.055 -0.061 0.17 0.412 
SRH Height 0.052 -0.001 0.105 0.126 0.021 -0.084 0.127 0.676 0.026 58.73 0.03 -0.088 0.147 0.619 
SRH IQ 0.012 -0.043 0.069 0.72 0.049 -0.054 0.153 0.339 0.043 -296.33 -0.037 -0.157 0.083 0.552 
SRH Neurot -0.079 -0.132 -0.027 0.024 0.021 -0.079 0.123 0.695 0.004 126.1 -0.099 -0.213 0.011 0.114 
SRH SCZ -0.064 -0.121 -0.009 0.074 -0.038 -0.137 0.065 0.48 -0.042 41.3 -0.026 -0.142 0.084 0.68 
SRH SRH 0.121 0.064 0.18 8.23e-04 0.112 0.013 0.211 0.031 0.113 7.8 0.009 -0.11 0.125 0.88 
Height ADHD -0.015 -0.081 0.053 0.713 -0.057 -0.149 0.03 0.195 -0.04 -284.59 0.042 -0.066 0.153 0.478 
Height BMI -0.017 -0.08 0.046 0.675 -0.034 -0.116 0.046 0.43 -0.027 -105.03 0.017 -0.082 0.119 0.765 
Height EA 0.022 -0.051 0.09 0.609 -0.055 -0.147 0.042 0.247 -0.024 347.92 0.077 -0.044 0.193 0.229 
Height Height 0.475 0.427 0.522 3.53e-42 0.474 0.391 0.564 1.20e-29 0.475 0.16 0.001 -0.102 0.099 0.988 
Height IQ 0.056 -0.004 0.114 0.143 -0.017 -0.1 0.064 0.7 0.012 130.5 0.074 -0.026 0.171 0.21 
Height Neurot -0.052 -0.114 0.013 0.177 0.002 -0.097 0.103 0.967 -0.019 103.62 -0.054 -0.167 0.06 0.364 
Height SCZ -0.018 -0.078 0.041 0.656 0.055 -0.033 0.144 0.232 0.026 405.27 -0.073 -0.179 0.031 0.232 
Height SRH 0.059 0.002 0.115 0.143 -0.02 -0.1 0.063 0.663 0.012 132.98 0.079 -0.021 0.176 0.191 
IQ ADHD -0.034 -0.103 0.034 0.428 -0.028 -0.124 0.072 0.565 -0.03 16.05 -0.005 -0.124 0.109 0.933 
IQ BMI 0.017 -0.04 0.074 0.678 -0.023 -0.117 0.073 0.641 -0.009 236.05 0.039 -0.071 0.149 0.531 
IQ EA 0.149 0.076 0.226 0.001 0.11 0.004 0.215 0.044 0.123 26.37 0.039 -0.089 0.168 0.578 
IQ Height 0.028 -0.034 0.092 0.486 0.104 0.005 0.204 0.032 0.078 -272.58 -0.076 -0.196 0.042 0.225 
IQ IQ 0.18 0.114 0.247 1.51e-05 0.11 0.016 0.206 0.03 0.133 38.8 0.07 -0.05 0.192 0.283 
IQ Neurot -0.009 -0.074 0.059 0.82 -0.073 -0.175 0.027 0.139 -0.051 -679.52 0.064 -0.058 0.189 0.32 
IQ SCZ -0.019 -0.082 0.043 0.66 0.01 -0.089 0.108 0.834 0.001 156.29 -0.029 -0.146 0.088 0.657 
IQ SRH 0.081 0.017 0.143 0.046 0.071 -0.022 0.165 0.171 0.074 12.97 0.011 -0.102 0.123 0.872 
Neurot ADHD -0.053 -0.128 0.03 0.305 0.047 -0.098 0.19 0.563 0.047 187.39 -0.1 -0.268 0.071 0.295 
Neurot BMI -0.019 -0.101 0.068 0.694 -0.097 -0.255 0.065 0.232 -0.097 -405.99 0.078 -0.105 0.259 0.408 
Neurot EA 0.122 0.047 0.196 0.016 0.053 -0.139 0.243 0.565 0.053 56.7 0.069 -0.145 0.281 0.507 
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Neurot Height 0.003 -0.07 0.075 0.953 -0.056 -0.206 0.097 0.505 -0.056 2,095.34 0.058 -0.118 0.231 0.54 
Neurot IQ 0.092 0.02 0.165 0.056 0.015 -0.149 0.183 0.85 0.015 83.43 0.077 -0.101 0.257 0.411 
Neurot Neurot 0.157 0.076 0.242 0.001 -0.058 -0.231 0.114 0.463 -0.058 137.08 0.215 0.031 0.401 0.02 
Neurot SCZ 0.056 -0.027 0.139 0.266 0.1 -0.071 0.272 0.237 0.1 -79.51 -0.044 -0.244 0.151 0.65 
Neurot SRH -0.03 -0.105 0.044 0.522 -0.011 -0.172 0.142 0.9 -0.011 64.87 -0.02 -0.191 0.157 0.839 
SCZ ADHD 0.046 -0.013 0.106 0.287 -0.016 -0.114 0.084 0.778 -0.002 134.23 0.062 -0.056 0.18 0.381 
SCZ BMI 0.147 0.078 0.214 4.31e-04 0.051 -0.063 0.17 0.365 0.072 64.97 0.095 -0.038 0.224 0.174 
SCZ EA -0.076 -0.153 0.002 0.104 0.059 -0.059 0.179 0.332 0.028 176.8 -0.135 -0.279 0.01 0.077 
SCZ Height 0.021 -0.046 0.091 0.61 0.035 -0.071 0.141 0.532 0.032 -71.84 -0.015 -0.151 0.122 0.831 
SCZ IQ 0.017 -0.051 0.086 0.69 0.012 -0.106 0.132 0.841 0.013 27.32 0.005 -0.131 0.14 0.95 
SCZ Neurot 0.033 -0.027 0.097 0.429 0.006 -0.083 0.1 0.911 0.012 80.94 0.027 -0.082 0.135 0.701 
SCZ SCZ 0.009 -0.056 0.076 0.837 0.055 -0.067 0.17 0.352 0.045 -523.79 -0.047 -0.181 0.097 0.525 
SCZ SRH -0.06 -0.13 0.008 0.165 -0.026 -0.133 0.082 0.648 -0.034 56.92 -0.034 -0.164 0.095 0.63 
Note. BMI = Body Mass Index; IQ = Intelligence; GCSE = General Certificate of Secondary Education (educational achievement); ADHD = 
Attention-Deficit/Hyperactivity Disorder; SCZ = Schizophrenia symptoms; EA = Educational Attainment; Neurot = Neuroticism; SRH = Self-
rated Health; B = Between-family estimate; W = Within-family estimate; L.CI = Lower 95% bootstrap percentile interval; U.CI = Upper 95% 
bootstrap percentile interval;  P = statistical significance of beta estimate; TotEff = Total effect derived as the intra-class correlation weighted 
sum of the within- and between family effect. PercRed = Reduction of prediction estimates when comparing within- to between-family 
estimates in percentage. BetaDiff = Difference of between-family and within-family beta coefficient; P.diff = statistical significance of difference 
between within- and between-family estimates. 
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Table S19. Within- and between-family prediction estimates based on twin pairs with one twin genotyped on the OEE chip and the 
co-twin genotyped on the Affymetrix chip 
pheno GPS beta.B L.CI.B U.CI.B P.B beta.W L.CI.W U.CI.W P.W TotEff PercRed BetaDiff Diff.L.CI Diff.U.CI P.diff 
ADHD ADHD 0.093 0.055 0.131 1.73e-04 0.093 0.032 0.154 2.72e-03 0.093 -0.33 0 -0.07 0.07 9.94e-01 
ADHD BMI 0.074 0.037 0.112 3.08e-03 0.046 -0.014 0.106 1.45e-01 0.055 38.76 0.029 -0.041 0.099 4.71e-01 
ADHD EA -0.088 -0.124 -0.052 2.44e-04 -0.147 -0.216 -0.078 8.16e-06 -0.127 -66.99 0.059 -0.018 0.136 1.46e-01 
ADHD Height -0.016 -0.054 0.021 5.08e-01 0.01 -0.048 0.067 7.52e-01 0.001 159.15 -0.026 -0.094 0.041 5.08e-01 
ADHD IQ -0.073 -0.111 -0.035 3.24e-03 -0.114 -0.174 -0.053 4.35e-04 -0.1 -55.06 0.04 -0.031 0.112 3.21e-01 
ADHD Neurot 0.028 -0.011 0.066 2.70e-01 0.056 -0.003 0.114 6.23e-02 0.047 -97.59 -0.027 -0.096 0.041 4.83e-01 
ADHD SCZ -0.008 -0.046 0.029 7.33e-01 0.076 0.013 0.136 1.47e-02 0.048 999.37 -0.084 -0.154 -0.013 3.35e-02 
ADHD SRH -0.104 -0.139 -0.068 3.22e-05 -0.072 -0.133 -0.011 2.61e-02 -0.083 30.68 -0.032 -0.1 0.037 4.35e-01 
BMI ADHD 0.032 -0.02 0.083 3.46e-01 -0.012 -0.099 0.071 7.81e-01 0.001 138.03 0.044 -0.054 0.142 4.25e-01 
BMI BMI 0.351 0.304 0.398 9.42e-28 0.279 0.196 0.362 8.94e-11 0.297 20.35 0.071 -0.022 0.165 1.73e-01 
BMI EA -0.103 -0.157 -0.053 1.81e-03 -0.048 -0.143 0.046 3.04e-01 -0.064 53.52 -0.055 -0.161 0.049 3.33e-01 
BMI Height -0.079 -0.13 -0.029 1.58e-02 -0.022 -0.103 0.059 6.16e-01 -0.038 72.36 -0.057 -0.151 0.038 2.93e-01 
BMI IQ -0.042 -0.093 0.008 2.11e-01 0.04 -0.046 0.129 3.69e-01 0.016 194.82 -0.083 -0.186 0.017 1.41e-01 
BMI Neurot -0.072 -0.124 -0.019 4.05e-02 0.078 0 0.156 6.28e-02 0.033 208.71 -0.149 -0.245 -0.055 5.99e-03 
BMI SCZ -0.055 -0.105 -0.006 1.00e-01 -0.033 -0.116 0.05 4.45e-01 -0.04 40.35 -0.022 -0.118 0.073 6.83e-01 
BMI SRH -0.15 -0.206 -0.097 1.14e-05 -0.102 -0.185 -0.022 1.97e-02 -0.116 32.1 -0.048 -0.144 0.047 3.83e-01 
GCSE ADHD -0.172 -0.212 -0.132 7.47e-10 -0.045 -0.095 0.005 7.56e-02 -0.119 73.61 -0.127 -0.191 -0.062 7.78e-04 
GCSE BMI -0.096 -0.138 -0.054 8.21e-04 -0.007 -0.056 0.042 7.77e-01 -0.059 92.48 -0.089 -0.154 -0.025 2.05e-02 
GCSE EA 0.416 0.381 0.45 1.42e-57 0.228 0.176 0.281 9.28e-18 0.33 45.12 0.188 0.123 0.251 1.90e-07 
GCSE Height 0.02 -0.022 0.061 4.84e-01 0.016 -0.036 0.068 5.23e-01 0.018 18.23 0.004 -0.063 0.07 9.24e-01 
GCSE IQ 0.35 0.312 0.388 5.54e-37 0.192 0.143 0.243 1.72e-13 0.281 44.98 0.157 0.095 0.22 2.26e-05 
GCSE Neurot -0.027 -0.072 0.017 3.49e-01 -0.062 -0.111 -0.013 1.03e-02 -0.041 -126.36 0.034 -0.032 0.102 3.61e-01 
GCSE SCZ 0.022 -0.021 0.063 4.39e-01 -0.032 -0.082 0.018 2.05e-01 0 248.09 0.053 -0.012 0.118 1.54e-01 
GCSE SRH 0.183 0.143 0.224 1.61e-10 0.074 0.02 0.128 4.30e-03 0.137 59.58 0.109 0.042 0.178 4.50e-03 
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SRH ADHD -0.062 -0.108 -0.016 3.94e-02 -0.059 -0.149 0.029 2.10e-01 -0.059 5.07 -0.003 -0.101 0.097 9.55e-01 
SRH BMI -0.1 -0.146 -0.056 7.62e-04 0.008 -0.078 0.094 8.69e-01 -0.003 107.79 -0.108 -0.203 -0.013 5.27e-02 
SRH EA 0.034 -0.009 0.079 2.39e-01 0.104 0.009 0.201 3.84e-02 0.096 -204.18 -0.07 -0.173 0.037 2.28e-01 
SRH Height 0.069 0.024 0.115 1.60e-02 -0.027 -0.114 0.06 5.65e-01 -0.017 138.84 0.096 0.001 0.195 7.93e-02 
SRH IQ 0.017 -0.031 0.064 5.59e-01 0.014 -0.086 0.113 7.75e-01 0.014 19.5 0.003 -0.106 0.113 9.53e-01 
SRH Neurot -0.077 -0.124 -0.029 1.17e-02 -0.037 -0.118 0.045 4.15e-01 -0.041 52.31 -0.04 -0.135 0.054 4.58e-01 
SRH SCZ -0.023 -0.07 0.023 4.30e-01 -0.031 -0.122 0.062 5.04e-01 -0.03 -35.01 0.008 -0.098 0.113 8.83e-01 
SRH SRH 0.146 0.102 0.189 9.70e-07 0.043 -0.053 0.139 3.66e-01 0.053 70.44 0.103 -0.002 0.207 6.68e-02 
Height ADHD -0.042 -0.096 0.012 2.26e-01 -0.06 -0.135 0.013 1.02e-01 -0.052 -42.09 0.018 -0.074 0.112 7.25e-01 
Height BMI -0.022 -0.075 0.031 5.32e-01 0.068 -0.003 0.139 6.26e-02 0.026 416.18 -0.09 -0.18 0.003 7.40e-02 
Height EA 0.032 -0.019 0.083 3.42e-01 0.033 -0.044 0.112 3.99e-01 0.033 -2.99 -0.001 -0.092 0.088 9.85e-01 
Height Height 0.46 0.415 0.507 2.76e-49 0.361 0.292 0.427 1.19e-24 0.402 21.58 0.099 0.015 0.186 2.65e-02 
Height IQ 0.024 -0.029 0.077 4.92e-01 -0.001 -0.078 0.074 9.79e-01 0.01 104.17 0.025 -0.066 0.119 6.30e-01 
Height Neurot -0.068 -0.118 -0.017 5.76e-02 0.018 -0.051 0.087 6.01e-01 -0.022 127.16 -0.086 -0.17 0 8.52e-02 
Height SCZ -0.072 -0.126 -0.02 3.29e-02 -0.012 -0.082 0.057 7.31e-01 -0.04 82.79 -0.06 -0.144 0.026 2.26e-01 
Height SRH 0.052 -0.002 0.106 1.34e-01 -0.034 -0.105 0.035 3.63e-01 0.006 164.38 0.086 -0.001 0.174 9.03e-02 
IQ ADHD -0.099 -0.144 -0.056 7.52e-04 0.013 -0.05 0.079 6.89e-01 -0.035 113.44 -0.112 -0.19 -0.034 1.13e-02 
IQ BMI -0.025 -0.069 0.02 4.04e-01 0.029 -0.036 0.094 3.73e-01 0.006 216.45 -0.055 -0.133 0.025 2.22e-01 
IQ EA 0.255 0.213 0.296 1.17e-19 0.13 0.059 0.202 2.74e-04 0.181 49.06 0.125 0.043 0.207 5.40e-03 
IQ Height 0.004 -0.042 0.051 8.99e-01 0.011 -0.056 0.078 7.26e-01 0.008 -198.99 -0.008 -0.089 0.073 8.64e-01 
IQ IQ 0.275 0.233 0.317 1.26e-20 0.143 0.076 0.208 2.99e-05 0.197 48.04 0.132 0.056 0.213 3.10e-03 
IQ Neurot -0.02 -0.068 0.03 5.06e-01 -0.013 -0.077 0.051 6.86e-01 -0.016 36.28 -0.007 -0.089 0.076 8.68e-01 
IQ SCZ 0.022 -0.025 0.067 4.69e-01 0.015 -0.049 0.08 6.37e-01 0.018 28.88 0.006 -0.071 0.085 8.88e-01 
IQ SRH 0.091 0.045 0.137 2.41e-03 0.004 -0.067 0.073 9.06e-01 0.042 95.55 0.087 0.003 0.171 5.56e-02 
Neurot ADHD 0.014 -0.046 0.078 7.16e-01 0.102 -0.002 0.209 8.70e-02 0.087 -608.24 -0.088 -0.21 0.033 2.19e-01 
Neurot BMI -0.016 -0.077 0.047 7.07e-01 0.101 -0.017 0.216 7.93e-02 0.081 746.62 -0.116 -0.249 0.019 9.93e-02 
Neurot EA -0.033 -0.09 0.026 3.78e-01 -0.01 -0.133 0.119 8.75e-01 -0.014 68.2 -0.022 -0.161 0.109 7.68e-01 
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Neurot Height -0.041 -0.106 0.023 3.02e-01 0.1 -0.009 0.209 8.10e-02 0.076 345.2 -0.141 -0.266 -0.017 4.24e-02 
Neurot IQ -0.06 -0.121 0.002 1.41e-01 0.107 -0.013 0.225 9.26e-02 0.079 277.73 -0.167 -0.299 -0.034 2.65e-02 
Neurot Neurot 0.076 0.01 0.14 7.40e-02 0.061 -0.045 0.161 2.90e-01 0.063 19.46 0.015 -0.105 0.138 8.36e-01 
Neurot SCZ -0.055 -0.12 0.012 1.66e-01 0.028 -0.092 0.145 6.34e-01 0.015 151.84 -0.083 -0.218 0.056 2.44e-01 
Neurot SRH -0.047 -0.105 0.011 2.35e-01 -0.027 -0.153 0.097 6.46e-01 -0.031 41.67 -0.02 -0.157 0.119 7.84e-01 
SCZ ADHD 0.027 -0.029 0.083 4.62e-01 0.019 -0.083 0.124 6.98e-01 0.021 30.3 0.008 -0.114 0.131 8.93e-01 
SCZ BMI 0.08 0.031 0.129 2.49e-02 0.037 -0.061 0.134 4.48e-01 0.048 54.14 0.043 -0.061 0.147 4.70e-01 
SCZ EA -0.071 -0.127 -0.012 4.44e-02 -0.025 -0.125 0.072 6.29e-01 -0.037 64.27 -0.045 -0.156 0.071 4.70e-01 
SCZ Height -0.013 -0.068 0.039 7.03e-01 -0.02 -0.106 0.064 6.79e-01 -0.018 -54.38 0.007 -0.092 0.104 9.05e-01 
SCZ IQ -0.038 -0.094 0.017 2.77e-01 0.032 -0.062 0.128 5.18e-01 0.014 184.3 -0.071 -0.185 0.041 2.47e-01 
SCZ Neurot 0.071 0.015 0.126 5.63e-02 -0.062 -0.147 0.025 1.71e-01 -0.027 186.78 0.133 0.032 0.237 2.27e-02 
SCZ SCZ -0.021 -0.073 0.032 5.57e-01 -0.071 -0.166 0.024 1.40e-01 -0.058 -239.65 0.05 -0.057 0.159 4.02e-01 
SCZ SRH -0.152 -0.205 -0.096 3.39e-05 0.006 -0.087 0.1 8.98e-01 -0.034 104.07 -0.158 -0.266 -0.051 9.00e-03 
Note. BMI = Body Mass Index; IQ = Intelligence; GCSE = General Certificate of Secondary Education (educational achievement); ADHD = 
Attention-Deficit/Hyperactivity Disorder; SCZ = Schizophrenia symptoms; EA = Educational Attainment; Neurot = Neuroticism; SRH = Self-
rated Health; B = Between-family estimate; W = Within-family estimate; L.CI = Lower 95% bootstrap percentile interval; U.CI = Upper 95% 
bootstrap percentile interval;  P = statistical significance of beta estimate; TotEff = Total effect derived as the intra-class correlation weighted 
sum of the within- and between family effect. PercRed = Reduction of prediction estimates when comparing within- to between-family 
estimates in percentage. BetaDiff = Difference of between-family and within-family beta coefficient; P.diff = statistical significance of difference 
between within- and between-family estimates. 
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Table S20. Within- and between-family prediction estimates after accounting for family socio-economic status based on twin pairs 
with one twin genotyped on the OEE chip and the co-twin genotyped on the Affymetrix chip 
pheno GPS beta.B L.CI.B U.CI.B P.B beta.W L.CI.W U.CI.W P.W TotEff PercRed BetaDiff Diff.L.CI Diff.U.CI P.diff 
ADHD ADHD 0.08 0.041 0.119 0.001 0.093 0.029 0.154 0.003 0.089 -15.98 -0.013 -0.084 0.06 0.751 
ADHD BMI 0.05 0.012 0.088 0.044 0.044 -0.017 0.106 0.165 0.046 12.18 0.006 -0.063 0.077 0.879 
ADHD EA -0.032 -0.072 0.008 0.215 -0.153 -0.224 -0.082 4.30e-06 -0.116 -377.76 0.121 0.041 0.203 0.004 
ADHD Height -0.012 -0.05 0.024 0.614 0.009 -0.049 0.067 0.779 0.002 170.33 -0.021 -0.09 0.046 0.594 
ADHD IQ -0.033 -0.073 0.007 0.198 -0.111 -0.171 -0.051 6.93e-04 -0.087 -237.51 0.078 0.006 0.151 0.059 
ADHD Neurot 0.019 -0.019 0.057 0.441 0.056 -0.003 0.116 0.063 0.045 -190 -0.037 -0.106 0.032 0.348 
ADHD SCZ -0.006 -0.044 0.03 0.794 0.07 0.008 0.132 0.025 0.047 1,210.46 -0.077 -0.147 -0.005 0.053 
ADHD SRH -0.068 -0.105 -0.032 0.007 -0.07 -0.131 -0.007 0.034 -0.069 -1.73 0.001 -0.07 0.071 0.977 
BMI ADHD 0.012 -0.038 0.06 0.727 -0.013 -0.1 0.072 0.771 -0.006 209.58 0.025 -0.073 0.123 0.657 
BMI BMI 0.33 0.282 0.378 2.87e-25 0.281 0.199 0.366 1.08e-10 0.293 14.69 0.048 -0.047 0.143 0.357 
BMI EA -0.022 -0.079 0.032 0.532 -0.044 -0.14 0.05 0.347 -0.038 -98.2 0.022 -0.089 0.133 0.71 
BMI Height -0.08 -0.13 -0.031 0.013 -0.021 -0.103 0.06 0.622 -0.038 73.22 -0.059 -0.154 0.035 0.278 
BMI IQ 0.008 -0.043 0.058 0.824 0.037 -0.049 0.126 0.409 0.029 -387.09 -0.03 -0.132 0.07 0.601 
BMI Neurot -0.07 -0.122 -0.018 0.042 0.08 0.002 0.158 0.058 0.039 214.12 -0.15 -0.246 -0.056 0.006 
BMI SCZ -0.048 -0.098 0.001 0.149 -0.03 -0.114 0.052 0.488 -0.035 36.85 -0.018 -0.112 0.078 0.747 
BMI SRH -0.114 -0.169 -0.062 0.001 -0.108 -0.192 -0.026 0.014 -0.11 5.94 -0.007 -0.103 0.09 0.903 
GCSE ADHD -0.087 -0.122 -0.051 2.71e-04 -0.049 -0.099 0.002 0.06 -0.066 43.45 -0.038 -0.101 0.026 0.285 
GCSE BMI -0.031 -0.067 0.007 0.207 -0.008 -0.058 0.042 0.752 -0.018 72.92 -0.022 -0.084 0.039 0.531 
GCSE EA 0.236 0.201 0.27 6.18e-22 0.233 0.181 0.286 6.88e-18 0.234 1.02 0.002 -0.062 0.068 0.946 
GCSE Height -0.01 -0.046 0.026 0.686 0.02 -0.033 0.073 0.445 0.006 303.31 -0.029 -0.092 0.035 0.403 
GCSE IQ 0.236 0.203 0.269 2.28e-22 0.195 0.144 0.246 2.71e-13 0.212 17.36 0.041 -0.019 0.1 0.249 
GCSE Neurot 0.002 -0.034 0.037 0.95 -0.061 -0.111 -0.011 0.013 -0.033 4,064.67 0.062 -0.001 0.124 0.072 
GCSE SCZ 0.015 -0.021 0.051 0.514 -0.035 -0.086 0.016 0.167 -0.013 332.33 0.051 -0.01 0.112 0.144 
GCSE SRH 0.074 0.037 0.111 0.003 0.075 0.021 0.13 0.004 0.075 -1.97 -0.001 -0.067 0.064 0.968 
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SRH ADHD -0.058 -0.105 -0.012 0.054 -0.053 -0.144 0.035 0.261 -0.054 8.56 -0.005 -0.103 0.096 0.929 
SRH BMI -0.102 -0.147 -0.058 5.82e-04 0 -0.088 0.089 0.997 -0.009 100.15 -0.102 -0.2 -0.005 0.068 
SRH EA 0.016 -0.032 0.064 0.609 0.102 0.004 0.2 0.045 0.093 -531.24 -0.086 -0.192 0.023 0.151 
SRH Height 0.063 0.017 0.11 0.029 -0.031 -0.119 0.056 0.513 -0.022 148.77 0.094 -0.003 0.193 0.088 
SRH IQ 0.003 -0.048 0.052 0.931 0.014 -0.087 0.114 0.779 0.013 -425.23 -0.011 -0.123 0.1 0.847 
SRH Neurot -0.068 -0.116 -0.019 0.027 -0.043 -0.126 0.04 0.346 -0.045 36.79 -0.025 -0.122 0.071 0.649 
SRH SCZ -0.024 -0.071 0.022 0.405 -0.041 -0.134 0.052 0.382 -0.039 -68.94 0.017 -0.09 0.121 0.762 
SRH SRH 0.134 0.089 0.179 1.25e-05 0.044 -0.053 0.142 0.358 0.052 66.96 0.09 -0.017 0.196 0.115 
Height ADHD -0.035 -0.09 0.021 0.326 -0.064 -0.139 0.009 0.081 -0.05 -84.18 0.029 -0.063 0.124 0.565 
Height BMI -0.015 -0.07 0.038 0.656 0.053 -0.018 0.125 0.148 0.02 442.54 -0.069 -0.16 0.023 0.174 
Height EA 0.007 -0.05 0.063 0.858 0.041 -0.036 0.119 0.298 0.024 -516.46 -0.034 -0.13 0.06 0.525 
Height Height 0.474 0.431 0.518 5.33e-51 0.341 0.275 0.406 3.37e-22 0.395 28.05 0.133 0.054 0.213 0.003 
Height IQ 0.002 -0.053 0.058 0.956 0.021 -0.055 0.095 0.586 0.012 -941.6 -0.019 -0.109 0.077 0.72 
Height Neurot -0.059 -0.111 -0.008 0.098 0.015 -0.055 0.083 0.674 -0.02 124.8 -0.074 -0.16 0.013 0.139 
Height SCZ -0.078 -0.132 -0.026 0.022 -0.019 -0.09 0.051 0.605 -0.047 76.14 -0.06 -0.144 0.026 0.23 
Height SRH 0.038 -0.018 0.094 0.293 -0.02 -0.091 0.05 0.595 0.008 151.51 0.058 -0.031 0.146 0.264 
IQ ADHD -0.044 -0.086 -0.003 0.107 0.01 -0.053 0.077 0.756 -0.009 123.91 -0.054 -0.134 0.026 0.209 
IQ BMI 0.024 -0.017 0.065 0.392 0.025 -0.041 0.091 0.455 0.025 -4.7 -0.001 -0.077 0.078 0.979 
IQ EA 0.12 0.076 0.164 2.41e-05 0.123 0.051 0.196 6.75e-04 0.122 -2.09 -0.003 -0.087 0.081 0.956 
IQ Height -0.024 -0.066 0.02 0.39 0.01 -0.058 0.078 0.752 -0.002 143.03 -0.034 -0.113 0.047 0.424 
IQ IQ 0.196 0.157 0.237 4.74e-12 0.139 0.071 0.204 6.57e-05 0.159 29.31 0.058 -0.02 0.138 0.196 
IQ Neurot 0.007 -0.038 0.053 0.805 -0.01 -0.075 0.056 0.76 -0.004 242.7 0.017 -0.065 0.098 0.694 
IQ SCZ 0.019 -0.024 0.061 0.503 0.012 -0.053 0.077 0.712 0.015 34.25 0.006 -0.072 0.084 0.883 
IQ SRH 0.006 -0.038 0.05 0.84 0.002 -0.069 0.073 0.952 0.003 63.87 0.004 -0.079 0.087 0.935 
Neurot ADHD 0.012 -0.054 0.076 0.772 0.109 0.002 0.217 0.072 0.093 -834.85 -0.097 -0.223 0.029 0.179 
Neurot BMI -0.016 -0.08 0.048 0.703 0.094 -0.024 0.208 0.108 0.076 687.41 -0.11 -0.246 0.029 0.125 
Neurot EA -0.019 -0.08 0.044 0.631 0.005 -0.121 0.137 0.94 0.001 126.44 -0.024 -0.167 0.114 0.756 
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Neurot Height -0.036 -0.103 0.029 0.374 0.092 -0.019 0.203 0.117 0.071 355.59 -0.128 -0.258 -0.001 0.072 
Neurot IQ -0.059 -0.124 0.005 0.158 0.122 0.002 0.241 0.057 0.094 307.4 -0.181 -0.317 -0.048 0.018 
Neurot Neurot 0.073 0.007 0.141 0.088 0.063 -0.046 0.172 0.286 0.065 13.89 0.01 -0.12 0.139 0.889 
Neurot SCZ -0.051 -0.118 0.015 0.198 0.022 -0.099 0.139 0.712 0.011 143.55 -0.073 -0.209 0.068 0.309 
Neurot SRH -0.032 -0.092 0.028 0.437 -0.017 -0.145 0.109 0.787 -0.019 48.9 -0.016 -0.156 0.128 0.83 
SCZ ADHD 0.017 -0.038 0.073 0.634 0.022 -0.081 0.127 0.66 0.021 -25.13 -0.004 -0.128 0.119 0.943 
SCZ BMI 0.068 0.019 0.116 0.052 0.036 -0.064 0.135 0.466 0.044 47.2 0.032 -0.074 0.139 0.595 
SCZ EA -0.032 -0.092 0.031 0.385 -0.022 -0.123 0.076 0.675 -0.025 31.05 -0.01 -0.124 0.109 0.877 
SCZ Height -0.026 -0.075 0.023 0.449 -0.032 -0.119 0.054 0.521 -0.03 -23.63 0.006 -0.092 0.101 0.919 
SCZ IQ -0.01 -0.066 0.047 0.783 0.028 -0.068 0.126 0.578 0.019 386.8 -0.038 -0.153 0.075 0.539 
SCZ Neurot 0.072 0.017 0.125 0.049 -0.065 -0.153 0.024 0.152 -0.033 191.26 0.137 0.035 0.242 0.019 
SCZ SCZ -0.012 -0.064 0.04 0.728 -0.068 -0.164 0.028 0.164 -0.055 -458.41 0.056 -0.053 0.165 0.352 
SCZ SRH -0.131 -0.185 -0.076 3.30e-04 0.011 -0.083 0.106 0.82 -0.021 108.5 -0.142 -0.251 -0.034 0.019 
Note. BMI = Body Mass Index; IQ = Intelligence; GCSE = General Certificate of Secondary Education (educational achievement); ADHD = 
Attention-Deficit/Hyperactivity Disorder; SCZ = Schizophrenia symptoms; EA = Educational Attainment; Neurot = Neuroticism; SRH = Self-
rated Health; B = Between-family estimate; W = Within-family estimate; L.CI = Lower 95% bootstrap percentile interval; U.CI = Upper 95% 
bootstrap percentile interval;  P = statistical significance of beta estimate; TotEff = Total effect derived as the intra-class correlation weighted 
sum of the within- and between family effect. PercRed = Reduction of prediction estimates when comparing within- to between-family 
estimates in percentage. BetaDiff = Difference of between-family and within-family beta coefficient; P.diff = statistical significance of difference 
between within- and between-family estimates. 
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Table S21. Within- and between-family coefficients estimated using a SNP-kinship matrix as random effect 
pheno GPS beta.B L.CI.B U.CI.B P.B beta.W L.CI.W U.CI.W P.W PercRed BetaDiff P.diff 
ADHD ADHD 0.113 0.076 0.15 2.52e-09 0.126 0.078 0.174 2.47e-07 -11.74 -0.013 0.668 
ADHD BMI 0.096 0.059 0.132 2.42e-07 0.036 -0.012 0.084 0.143 62.35 0.06 0.053 
ADHD GCSE -0.114 -0.15 -0.079 2.97e-10 -0.141 -0.192 -0.089 7.91e-08 -23.2 0.027 0.406 
ADHD Height -0.018 -0.054 0.018 0.334 0.019 -0.029 0.067 0.438 207.18 -0.037 0.23 
ADHD IQ -0.103 -0.139 -0.067 2.36e-08 -0.127 -0.177 -0.078 4.93e-07 -23.78 0.024 0.435 
ADHD Neurot 0.042 0.004 0.08 0.029 0.048 0.001 0.096 0.046 -14.42 -0.006 0.844 
ADHD SCZ -0.004 -0.041 0.033 0.835 0.043 -0.006 0.092 0.085 1,189.47 -0.047 0.134 
ADHD SRH -0.128 -0.164 -0.092 5.21e-12 -0.034 -0.084 0.016 0.182 73.41 -0.094 0.003 
BMI ADHD 0.069 0.018 0.119 0.008 0.054 -0.01 0.117 0.101 21.96 0.015 0.717 
BMI BMI 0.356 0.31 0.402 5.22e-52 0.297 0.236 0.359 2.45e-21 16.47 0.059 0.134 
BMI GCSE -0.116 -0.166 -0.067 4.59e-06 -0.06 -0.129 0.009 0.088 48.52 -0.056 0.193 
BMI Height -0.05 -0.099 -0.002 0.04 -0.028 -0.092 0.036 0.389 44.33 -0.022 0.584 
BMI IQ -0.051 -0.101 -0.002 0.04 0.01 -0.056 0.075 0.771 118.81 -0.061 0.142 
BMI Neurot -0.085 -0.136 -0.034 0.001 -0.013 -0.076 0.05 0.687 84.8 -0.072 0.081 
BMI SCZ -0.054 -0.104 -0.004 0.036 -0.054 -0.119 0.01 0.098 -0.64 0 0.993 
BMI SRH -0.145 -0.195 -0.094 1.61e-08 -0.139 -0.203 -0.074 2.55e-05 4.11 -0.006 0.887 
GCSE ADHD -0.173 -0.213 -0.134 1.41e-17 -0.059 -0.1 -0.019 0.004 65.73 -0.114 8.69e-05 
GCSE BMI -0.138 -0.177 -0.098 9.19e-12 -0.014 -0.054 0.027 0.515 90.16 -0.124 1.84e-05 
GCSE GCSE 0.409 0.373 0.445 1.38e-109 0.211 0.169 0.253 5.70e-23 48.5 0.198 1.91e-12 
GCSE Height 0.034 -0.004 0.073 0.082 -0.001 -0.042 0.04 0.978 101.67 0.035 0.225 
GCSE IQ 0.318 0.28 0.355 1.06e-60 0.194 0.153 0.235 2.27e-20 38.97 0.124 1.42e-05 
GCSE Neurot -0.073 -0.114 -0.032 4.69e-04 -0.057 -0.097 -0.018 0.005 21.31 -0.016 0.594 
GCSE SCZ 0.046 0.006 0.086 0.023 -0.022 -0.063 0.019 0.293 147.92 0.068 0.02 
GCSE SRH 0.189 0.15 0.229 7.00e-21 0.053 0.012 0.094 0.012 72 0.136 2.93e-06 
Height ADHD -0.033 -0.084 0.018 0.203 -0.059 -0.115 -0.002 0.041 -77.84 0.026 0.507 
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Height BMI -0.021 -0.071 0.029 0.406 0.022 -0.034 0.077 0.45 202.35 -0.043 0.264 
Height GCSE 0.037 -0.013 0.087 0.148 -0.006 -0.067 0.054 0.837 117.31 0.043 0.282 
Height Height 0.464 0.422 0.506 2.75e-104 0.414 0.362 0.466 5.83e-55 10.83 0.05 0.14 
Height IQ 0.042 -0.007 0.091 0.09 -0.001 -0.058 0.057 0.984 101.43 0.043 0.265 
Height Neurot -0.062 -0.113 -0.011 0.018 0.009 -0.046 0.065 0.743 115.07 -0.071 0.065 
Height SCZ -0.049 -0.099 0.002 0.057 0.021 -0.036 0.077 0.478 141.99 -0.069 0.073 
Height SRH 0.059 0.009 0.109 0.022 -0.025 -0.082 0.033 0.402 141.69 0.083 0.032 
IQ ADHD -0.087 -0.135 -0.04 2.82e-04 -0.012 -0.068 0.044 0.67 86.07 -0.075 0.044 
IQ BMI -0.027 -0.074 0.021 0.269 0.019 -0.036 0.075 0.498 172.19 -0.046 0.218 
IQ GCSE 0.256 0.211 0.301 6.76e-29 0.124 0.064 0.185 5.82e-05 51.5 0.132 6.11e-04 
IQ Height 0.009 -0.038 0.056 0.716 0.044 -0.011 0.099 0.12 -397.34 -0.035 0.346 
IQ IQ 0.267 0.221 0.313 6.56e-30 0.137 0.079 0.194 3.25e-06 48.76 0.13 5.41e-04 
IQ Neurot -0.016 -0.064 0.032 0.51 -0.016 -0.071 0.039 0.564 0.65 0 0.998 
IQ SCZ 0.009 -0.039 0.057 0.722 0.008 -0.048 0.065 0.768 3.38 0 0.994 
IQ SRH 0.115 0.068 0.162 1.82e-06 0.023 -0.035 0.082 0.437 79.74 0.091 0.017 
Neurot ADHD -0.012 -0.073 0.049 0.699 0.079 -0.015 0.173 0.1 758.76 -0.091 0.111 
Neurot BMI -0.024 -0.085 0.037 0.439 0.02 -0.073 0.112 0.677 181.28 -0.044 0.438 
Neurot GCSE 0.015 -0.042 0.071 0.608 0.015 -0.09 0.121 0.778 -2.46 0 0.995 
Neurot Height -0.022 -0.081 0.037 0.465 0.033 -0.06 0.127 0.483 252.96 -0.055 0.326 
Neurot IQ -0.014 -0.073 0.046 0.648 0.057 -0.041 0.154 0.254 508.95 -0.071 0.226 
Neurot Neurot 0.11 0.048 0.172 4.68e-04 0.024 -0.068 0.116 0.612 78.4 0.086 0.126 
Neurot SCZ -0.011 -0.072 0.049 0.714 0.066 -0.029 0.162 0.174 689.82 -0.078 0.178 
Neurot SRH -0.041 -0.1 0.018 0.172 -0.024 -0.12 0.072 0.622 40.71 -0.017 0.772 
SCZ ADHD 0.041 -0.013 0.096 0.139 -0.004 -0.077 0.069 0.912 109.97 0.045 0.331 
SCZ BMI 0.111 0.059 0.164 3.04e-05 0.035 -0.038 0.109 0.348 68.34 0.076 0.099 
SCZ GCSE -0.075 -0.128 -0.023 0.005 0.014 -0.064 0.093 0.719 119.22 -0.09 0.063 
SCZ Height -0.003 -0.054 0.048 0.903 0.005 -0.069 0.078 0.897 253.92 -0.008 0.861 
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SCZ IQ -0.023 -0.074 0.029 0.394 0.031 -0.045 0.107 0.425 237.89 -0.054 0.255 
SCZ Neurot 0.057 0.003 0.112 0.04 -0.024 -0.094 0.046 0.505 141.73 0.081 0.074 
SCZ SCZ -0.017 -0.071 0.037 0.537 -0.011 -0.085 0.063 0.773 35.51 -0.006 0.898 
SCZ SRH -0.12 -0.174 -0.067 1.00e-05 -0.008 -0.082 0.065 0.827 93.18 -0.112 0.016 
SRH ADHD -0.059 -0.103 -0.014 0.011 -0.072 -0.139 -0.004 0.038 -22.6 0.013 0.75 
SRH BMI -0.107 -0.151 -0.063 1.72e-06 -0.01 -0.078 0.057 0.765 90.41 -0.097 0.018 
SRH GCSE 0.072 0.028 0.116 0.001 0.082 0.009 0.154 0.027 -13.03 -0.009 0.828 
SRH Height 0.063 0.02 0.106 0.004 -0.008 -0.076 0.059 0.813 113.03 0.071 0.082 
SRH IQ 0.018 -0.026 0.061 0.425 0.028 -0.041 0.098 0.421 -60.54 -0.011 0.797 
SRH Neurot -0.081 -0.126 -0.036 4.19e-04 -0.017 -0.083 0.049 0.618 79.14 -0.064 0.118 
SRH SCZ -0.044 -0.088 0 0.052 -0.036 -0.104 0.032 0.303 18.49 -0.008 0.845 
SRH SRH 0.138 0.094 0.182 7.53e-10 0.075 0.006 0.144 0.033 45.74 0.063 0.129 
Note. BMI = Body Mass Index; IQ = Intelligence; GCSE = General Certificate of Secondary Education (educational achievement); ADHD = 
Attention-Deficit/Hyperactivity Disorder; SCZ = Schizophrenia symptoms; EA = Educational Attainment; Neurot = Neuroticism; SRH = Self-
rated Health; B = Between-family estimate; W = Within-family estimate; L.CI = Lower 95% confidence interval; U.CI = Upper 95% confidence 
interval;  P = statistical significance of beta estimate; PercRed = Reduction of prediction estimates when comparing within- to between-family 
estimates in percentage. BetaDiff = Difference of between-family and within-family beta coefficient; P.diff = statistical significance of difference 
between within- and between-family estimates.
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Table S22. Within- and between-family prediction estimates using polygenic scores calculated with causal fraction of markers of 
0.1 
pheno GPS beta.B L.CI.B U.CI.B P.B beta.W L.CI.W U.CI.W P.W TotEff PercRed BetaDiff Diff.L.CI Diff.U.CI P.diff 
ADHD ADHD 0.111 0.082 0.14 6.51e-09 0.127 0.081 0.173 8.05e-08 0.122 -14.24 -0.016 -0.071 0.038 0.602 
ADHD BMI 0.064 0.035 0.094 7.18e-04 -0.007 -0.053 0.039 0.766 0.016 110.93 0.072 0.016 0.125 0.019 
ADHD EA -0.077 -0.107 -0.049 3.41e-05 -0.104 -0.151 -0.057 1.71e-05 -0.095 -34.31 0.027 -0.028 0.081 0.384 
ADHD Height -0.003 -0.033 0.027 0.864 0.028 -0.016 0.071 0.228 0.018 960.64 -0.031 -0.085 0.023 0.297 
ADHD IQ -0.078 -0.107 -0.048 3.25e-05 -0.046 -0.09 -0.002 0.05 -0.056 41.41 -0.032 -0.084 0.022 0.28 
ADHD Neurot 0.008 -0.02 0.037 0.658 0.054 0.009 0.099 0.021 0.039 -538.54 -0.045 -0.098 0.007 0.131 
ADHD SCZ 0.011 -0.018 0.04 0.574 0.005 -0.042 0.052 0.846 0.007 56.68 0.006 -0.05 0.062 0.843 
ADHD SRH -0.111 -0.139 -0.083 3.63e-09 -0.024 -0.072 0.022 0.322 -0.052 78.27 -0.087 -0.141 -0.03 0.005 
BMI ADHD 0.068 0.031 0.105 0.008 0.07 0.008 0.135 0.027 0.07 -3.17 -0.002 -0.075 0.07 0.958 
BMI BMI 0.23 0.189 0.269 3.05e-19 0.191 0.132 0.251 9.05e-10 0.203 17.13 0.039 -0.03 0.11 0.323 
BMI EA -0.066 -0.107 -0.025 0.011 -0.066 -0.133 0.002 0.051 -0.066 0.16 0 -0.081 0.081 0.998 
BMI Height -0.036 -0.074 0.002 0.152 -0.005 -0.07 0.057 0.875 -0.015 86.42 -0.031 -0.105 0.042 0.436 
BMI IQ -0.01 -0.051 0.031 0.69 0.017 -0.045 0.079 0.591 0.009 270.31 -0.028 -0.1 0.045 0.503 
BMI Neurot -0.037 -0.079 0.003 0.152 0.015 -0.046 0.077 0.655 -0.002 139.26 -0.052 -0.125 0.021 0.214 
BMI SCZ -0.051 -0.093 -0.009 0.047 -0.059 -0.121 0.003 0.07 -0.057 -15.07 0.008 -0.065 0.081 0.852 
BMI SRH -0.115 -0.153 -0.076 8.67e-06 -0.065 -0.127 -0.004 0.041 -0.081 43.23 -0.05 -0.123 0.022 0.226 
GCSE ADHD -0.176 -0.207 -0.145 6.95e-17 -0.065 -0.102 -0.028 7.34e-04 -0.129 63.08 -0.111 -0.16 -0.063 9.27e-05 
GCSE BMI -0.088 -0.12 -0.056 4.40e-05 -0.001 -0.039 0.036 0.958 -0.052 98.86 -0.087 -0.137 -0.037 0.002 
GCSE EA 0.29 0.261 0.321 1.05e-45 0.144 0.105 0.184 1.77e-13 0.226 50.39 0.146 0.097 0.197 1.58e-07 
GCSE Height 0.022 -0.01 0.054 0.308 -0.012 -0.05 0.025 0.506 0.007 157.96 0.034 -0.015 0.083 0.229 
GCSE IQ 0.189 0.158 0.22 3.49e-19 0.116 0.077 0.154 8.69e-10 0.158 38.59 0.073 0.022 0.124 0.01 
GCSE Neurot -0.033 -0.065 0 0.12 -0.04 -0.078 -0.003 0.032 -0.036 -20.67 0.007 -0.043 0.057 0.809 
GCSE SCZ 0.018 -0.014 0.05 0.4 -0.004 -0.04 0.032 0.833 0.009 122.32 0.022 -0.026 0.07 0.442 
GCSE SRH 0.161 0.129 0.193 3.96e-14 0.038 0 0.078 0.05 0.108 76.35 0.123 0.071 0.173 1.87e-05 
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SRH ADHD -0.057 -0.093 -0.023 0.012 -0.071 -0.137 -0.005 0.039 -0.069 -23.81 0.014 -0.062 0.087 0.74 
SRH BMI -0.043 -0.077 -0.01 0.06 -0.024 -0.087 0.041 0.484 -0.026 45.31 -0.02 -0.091 0.052 0.631 
SRH EA 0.037 0.001 0.072 0.106 0.024 -0.045 0.092 0.511 0.026 35.18 0.013 -0.063 0.09 0.762 
SRH Height 0.052 0.018 0.086 0.022 0.008 -0.056 0.074 0.816 0.014 84.87 0.044 -0.031 0.117 0.279 
SRH IQ -0.006 -0.04 0.028 0.788 0.011 -0.056 0.079 0.757 0.008 277.46 -0.017 -0.093 0.057 0.685 
SRH Neurot -0.057 -0.091 -0.024 0.012 0.009 -0.059 0.074 0.804 0 115.2 -0.066 -0.14 0.006 0.115 
SRH SCZ -0.015 -0.05 0.021 0.518 -0.038 -0.106 0.031 0.282 -0.035 -156.45 0.023 -0.055 0.101 0.581 
SRH SRH 0.128 0.093 0.163 1.35e-08 0.054 -0.01 0.121 0.119 0.063 58.13 0.075 -0.002 0.147 0.069 
Height ADHD -0.032 -0.074 0.008 0.217 -0.06 -0.115 -0.004 0.032 -0.048 -87.94 0.028 -0.041 0.098 0.461 
Height BMI -0.039 -0.078 0.001 0.141 0.023 -0.027 0.073 0.397 -0.004 160.27 -0.062 -0.124 0.001 0.103 
Height EA -0.011 -0.051 0.029 0.672 -0.04 -0.097 0.018 0.179 -0.027 -263 0.029 -0.041 0.099 0.463 
Height Height 0.364 0.329 0.4 4.19e-49 0.304 0.255 0.353 4.21e-30 0.329 16.53 0.06 -0.001 0.122 0.088 
Height IQ 0.052 0.014 0.09 0.044 0.026 -0.029 0.083 0.354 0.038 49.6 0.026 -0.041 0.093 0.5 
Height Neurot 0.004 -0.037 0.045 0.868 0.047 -0.006 0.099 0.105 0.028 -968.57 -0.042 -0.107 0.022 0.277 
Height SCZ -0.07 -0.11 -0.031 0.007 0.006 -0.049 0.061 0.827 -0.027 108.86 -0.077 -0.146 -0.007 0.047 
Height SRH 0.073 0.035 0.111 0.005 -0.023 -0.075 0.027 0.402 0.019 132.05 0.097 0.031 0.162 0.011 
IQ ADHD -0.089 -0.126 -0.053 2.45e-04 -0.005 -0.057 0.048 0.868 -0.04 94.87 -0.085 -0.149 -0.019 0.021 
IQ BMI -0.027 -0.065 0.01 0.281 0.006 -0.046 0.06 0.807 -0.008 123.89 -0.034 -0.1 0.032 0.358 
IQ EA 0.169 0.133 0.206 4.58e-12 0.048 -0.008 0.106 0.089 0.098 71.53 0.121 0.052 0.189 0.001 
IQ Height 0.006 -0.03 0.044 0.797 0.011 -0.042 0.062 0.686 0.009 -63.42 -0.004 -0.067 0.06 0.91 
IQ IQ 0.165 0.13 0.202 1.35e-11 0.101 0.047 0.154 1.55e-04 0.128 38.9 0.064 -0.001 0.131 0.074 
IQ Neurot 0.016 -0.023 0.054 0.536 0.006 -0.048 0.059 0.823 0.01 62.09 0.01 -0.056 0.076 0.791 
IQ SCZ -0.025 -0.06 0.01 0.312 -0.01 -0.062 0.041 0.718 -0.016 60.36 -0.015 -0.076 0.048 0.683 
IQ SRH 0.101 0.065 0.138 3.89e-05 -0.001 -0.057 0.055 0.973 0.042 100.93 0.102 0.037 0.168 0.006 
Neurot ADHD -0.014 -0.061 0.034 0.66 0.092 0.005 0.179 0.057 0.081 774.09 -0.105 -0.205 -0.005 0.066 
Neurot BMI 0.013 -0.036 0.063 0.684 -0.064 -0.16 0.029 0.177 -0.056 609.68 0.077 -0.031 0.185 0.175 
Neurot EA 0.012 -0.033 0.059 0.671 -0.067 -0.163 0.031 0.188 -0.058 645.34 0.079 -0.029 0.187 0.175 
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Neurot Height -0.072 -0.119 -0.026 0.017 0.069 -0.02 0.157 0.135 0.055 195.12 -0.141 -0.242 -0.041 0.01 
Neurot IQ -0.02 -0.067 0.025 0.502 0.1 0.005 0.195 0.037 0.087 589.25 -0.12 -0.224 -0.016 0.034 
Neurot Neurot 0.022 -0.03 0.073 0.482 0.118 0.029 0.207 0.013 0.108 -435.19 -0.096 -0.199 0.008 0.092 
Neurot SCZ 0.013 -0.038 0.063 0.656 -0.04 -0.139 0.057 0.428 -0.034 394.84 0.053 -0.057 0.165 0.363 
Neurot SRH -0.063 -0.108 -0.018 0.038 -0.003 -0.095 0.091 0.952 -0.009 95.43 -0.06 -0.165 0.044 0.289 
SCZ ADHD 0.05 0.01 0.092 0.069 0.008 -0.063 0.08 0.821 0.019 83.64 0.042 -0.041 0.126 0.357 
SCZ BMI 0.072 0.032 0.113 0.01 0.017 -0.059 0.095 0.632 0.031 75.9 0.055 -0.033 0.139 0.231 
SCZ EA -0.06 -0.101 -0.018 0.03 0.009 -0.067 0.084 0.828 -0.009 114.36 -0.068 -0.155 0.017 0.155 
SCZ Height -0.002 -0.048 0.045 0.943 0.008 -0.056 0.072 0.825 0.005 511.19 -0.01 -0.087 0.068 0.826 
SCZ IQ -0.012 -0.053 0.029 0.662 0.04 -0.04 0.121 0.284 0.027 436.81 -0.052 -0.142 0.038 0.26 
SCZ Neurot 0.047 0.007 0.088 0.088 -0.007 -0.082 0.066 0.851 0.007 114.84 0.054 -0.025 0.136 0.243 
SCZ SCZ -0.018 -0.06 0.023 0.523 -0.017 -0.089 0.054 0.641 -0.017 1.98 0 -0.081 0.08 0.994 
SCZ SRH -0.096 -0.137 -0.056 5.37e-04 -0.007 -0.078 0.062 0.838 -0.03 92.35 -0.089 -0.17 -0.007 0.051 
Note. BMI = Body Mass Index; IQ = Intelligence; GCSE = General Certificate of Secondary Education (educational achievement); ADHD = 
Attention-Deficit/Hyperactivity Disorder; SCZ = Schizophrenia symptoms; EA = Educational Attainment; Neurot = Neuroticism; SRH = Self-
rated Health; B = Between-family estimate; W = Within-family estimate; L.CI = Lower 95% bootstrap percentile interval; U.CI = Upper 95% 
bootstrap percentile interval;  P = statistical significance of beta estimate; TotEff = Total effect derived as the intra-class correlation weighted 
sum of the within- and between family effect. PercRed = Reduction of prediction estimates when comparing within- to between-family 
estimates in percentage. BetaDiff = Difference of between-family and within-family beta coefficient; P.diff = statistical significance of difference 
between within- and between-family estimates.
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Table S23. Within- and between-family prediction estimates after accounting for family socio-economic status using polygenic 
scores calculated with causal fraction of markers of 0.1 
pheno GPS beta.B L.CI.B U.CI.B P.B beta.W L.CI.W U.CI.W P.W TotEff PercRed BetaDiff Diff.L.CI Diff.U.CI P.diff 
ADHD ADHD 0.087 0.057 0.116 5.51e-06 0.125 0.08 0.172 1.26e-07 0.114 -44.9 -0.039 -0.095 0.015 0.2 
ADHD BMI 0.043 0.014 0.073 0.022 -0.005 -0.051 0.041 0.848 0.01 110.7 0.048 -0.006 0.104 0.117 
ADHD EA -0.031 -0.06 0 0.111 -0.102 -0.15 -0.054 2.83e-05 -0.08 -233.97 0.071 0.017 0.127 0.021 
ADHD Height 0.002 -0.027 0.032 0.904 0.029 -0.014 0.073 0.206 0.021 -1,192.9 -0.027 -0.081 0.027 0.364 
ADHD IQ -0.059 -0.087 -0.03 0.002 -0.036 -0.081 0.008 0.124 -0.043 38.43 -0.022 -0.075 0.031 0.452 
ADHD Neurot 0.003 -0.026 0.031 0.874 0.054 0.008 0.1 0.021 0.039 -1,722.07 -0.051 -0.105 0.002 0.087 
ADHD SCZ 0.014 -0.014 0.043 0.438 0.001 -0.047 0.049 0.973 0.005 94.43 0.014 -0.043 0.069 0.652 
ADHD SRH -0.079 -0.108 -0.05 2.93e-05 -0.021 -0.069 0.027 0.387 -0.039 73.34 -0.058 -0.115 -0.001 0.06 
BMI ADHD 0.041 0.006 0.078 0.102 0.063 0.002 0.126 0.049 0.057 -53.54 -0.022 -0.094 0.049 0.588 
BMI BMI 0.211 0.17 0.25 1.08e-16 0.192 0.132 0.253 1.37e-09 0.197 9.01 0.019 -0.053 0.09 0.636 
BMI EA -0.012 -0.054 0.028 0.64 -0.056 -0.122 0.013 0.104 -0.043 -350.26 0.043 -0.039 0.124 0.316 
BMI Height -0.036 -0.072 0.001 0.146 -0.004 -0.068 0.061 0.904 -0.013 89.43 -0.032 -0.105 0.043 0.422 
BMI IQ 0.005 -0.036 0.046 0.848 0.016 -0.046 0.078 0.623 0.013 -230.22 -0.011 -0.082 0.063 0.786 
BMI Neurot -0.038 -0.079 0.002 0.133 0.014 -0.05 0.077 0.68 -0.001 135.89 -0.052 -0.128 0.023 0.214 
BMI SCZ -0.041 -0.083 0.001 0.112 -0.057 -0.121 0.006 0.087 -0.052 -40.29 0.016 -0.058 0.092 0.696 
BMI SRH -0.078 -0.118 -0.038 0.003 -0.072 -0.135 -0.012 0.026 -0.074 8.75 -0.007 -0.079 0.066 0.868 
GCSE ADHD -0.081 -0.109 -0.054 7.87e-06 -0.066 -0.103 -0.03 6.22e-04 -0.073 18.31 -0.015 -0.061 0.031 0.575 
GCSE BMI -0.044 -0.072 -0.017 0.017 -0.003 -0.042 0.035 0.857 -0.022 92.17 -0.041 -0.089 0.007 0.126 
GCSE EA 0.157 0.13 0.185 9.64e-18 0.142 0.103 0.18 6.83e-13 0.149 9.51 0.015 -0.033 0.064 0.577 
GCSE Height 0.003 -0.025 0.03 0.872 -0.011 -0.049 0.027 0.564 -0.005 476.03 0.014 -0.034 0.062 0.596 
GCSE IQ 0.131 0.105 0.158 3.95e-13 0.116 0.078 0.155 1.04e-09 0.123 11.63 0.015 -0.032 0.063 0.559 
GCSE Neurot -0.014 -0.042 0.013 0.436 -0.039 -0.078 -0.001 0.04 -0.028 -175.09 0.025 -0.023 0.072 0.345 
GCSE SCZ 0.003 -0.024 0.031 0.869 -0.008 -0.045 0.029 0.674 -0.003 370.11 0.011 -0.034 0.056 0.674 
GCSE SRH 0.063 0.035 0.091 7.41e-04 0.041 0.001 0.079 0.038 0.051 35.18 0.022 -0.026 0.071 0.413 
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SRH ADHD -0.047 -0.082 -0.012 0.042 -0.074 -0.142 -0.008 0.033 -0.071 -58.05 0.027 -0.049 0.103 0.513 
SRH BMI -0.04 -0.075 -0.006 0.081 -0.027 -0.09 0.037 0.426 -0.029 32.6 -0.013 -0.088 0.059 0.749 
SRH EA 0.021 -0.016 0.058 0.368 0.022 -0.048 0.093 0.543 0.022 -5.01 -0.001 -0.08 0.077 0.981 
SRH Height 0.045 0.012 0.08 0.046 0.008 -0.058 0.075 0.811 0.013 82 0.037 -0.038 0.112 0.364 
SRH IQ -0.022 -0.057 0.013 0.348 0.013 -0.054 0.081 0.707 0.009 161.5 -0.035 -0.112 0.04 0.408 
SRH Neurot -0.058 -0.092 -0.024 0.012 0.01 -0.059 0.078 0.786 0.001 116.98 -0.067 -0.144 0.008 0.114 
SRH SCZ -0.01 -0.045 0.026 0.668 -0.044 -0.113 0.027 0.222 -0.039 -344.75 0.034 -0.045 0.113 0.425 
SRH SRH 0.123 0.087 0.159 1.46e-07 0.055 -0.014 0.122 0.114 0.063 55.18 0.068 -0.009 0.144 0.105 
Height ADHD -0.022 -0.064 0.02 0.409 -0.064 -0.12 -0.005 0.024 -0.045 -193.3 0.042 -0.03 0.112 0.275 
Height BMI -0.039 -0.08 0.003 0.144 0.018 -0.031 0.068 0.507 -0.007 147.44 -0.057 -0.12 0.006 0.136 
Height EA -0.031 -0.073 0.012 0.262 -0.036 -0.094 0.021 0.223 -0.034 -19.3 0.006 -0.067 0.078 0.884 
Height Height 0.371 0.335 0.407 6.64e-50 0.304 0.254 0.353 1.05e-29 0.332 18.12 0.067 0.006 0.13 0.059 
Height IQ 0.044 0.005 0.084 0.094 0.035 -0.022 0.089 0.222 0.039 21.01 0.009 -0.057 0.078 0.811 
Height Neurot 0.008 -0.033 0.048 0.767 0.052 -0.003 0.107 0.075 0.032 -560.59 -0.044 -0.111 0.023 0.263 
Height SCZ -0.075 -0.116 -0.034 0.004 -0.002 -0.058 0.053 0.938 -0.034 97 -0.073 -0.142 -0.004 0.062 
Height SRH 0.068 0.027 0.109 0.011 -0.016 -0.067 0.035 0.573 0.021 123.34 0.084 0.019 0.149 0.031 
IQ ADHD -0.042 -0.078 -0.007 0.067 -0.003 -0.058 0.051 0.901 -0.017 91.8 -0.039 -0.104 0.029 0.284 
IQ BMI 0.002 -0.033 0.038 0.916 0.008 -0.046 0.062 0.762 0.006 -231.07 -0.006 -0.072 0.061 0.873 
IQ EA 0.081 0.046 0.116 6.30e-04 0.048 -0.01 0.105 0.099 0.059 41.48 0.034 -0.034 0.102 0.366 
IQ Height -0.003 -0.037 0.032 0.909 0.003 -0.051 0.056 0.912 0.001 208.87 -0.006 -0.07 0.058 0.874 
IQ IQ 0.125 0.091 0.158 8.18e-08 0.101 0.047 0.154 2.04e-04 0.109 19.38 0.024 -0.04 0.088 0.497 
IQ Neurot 0.019 -0.016 0.055 0.431 -0.004 -0.06 0.053 0.887 0.004 120.82 0.022 -0.045 0.088 0.532 
IQ SCZ -0.027 -0.059 0.006 0.248 -0.01 -0.064 0.043 0.73 -0.016 64.3 -0.017 -0.079 0.048 0.633 
IQ SRH 0.038 0.002 0.073 0.109 -0.004 -0.059 0.051 0.881 0.01 111.18 0.042 -0.024 0.107 0.253 
Neurot ADHD -0.016 -0.066 0.033 0.603 0.095 0.006 0.183 0.051 0.083 677.25 -0.112 -0.214 -0.009 0.054 
Neurot BMI 0.013 -0.037 0.062 0.69 -0.056 -0.153 0.042 0.245 -0.049 550.24 0.069 -0.043 0.18 0.232 
Neurot EA 0.02 -0.027 0.069 0.504 -0.062 -0.16 0.036 0.225 -0.054 408.27 0.083 -0.026 0.19 0.165 
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Neurot Height -0.067 -0.114 -0.019 0.029 0.069 -0.023 0.157 0.14 0.055 202.57 -0.136 -0.234 -0.034 0.015 
Neurot IQ -0.015 -0.062 0.031 0.619 0.105 0.008 0.199 0.03 0.092 783.88 -0.12 -0.225 -0.012 0.036 
Neurot Neurot 0.021 -0.033 0.074 0.506 0.109 0.018 0.202 0.025 0.1 -418.36 -0.088 -0.196 0.018 0.128 
Neurot SCZ 0.017 -0.034 0.067 0.571 -0.043 -0.141 0.058 0.399 -0.037 346.22 0.06 -0.051 0.172 0.309 
Neurot SRH -0.063 -0.11 -0.017 0.044 0.005 -0.089 0.102 0.913 -0.002 108.43 -0.069 -0.178 0.039 0.236 
SCZ ADHD 0.036 -0.005 0.077 0.196 0.014 -0.06 0.089 0.706 0.019 61.13 0.022 -0.064 0.11 0.635 
SCZ BMI 0.062 0.021 0.102 0.026 0.031 -0.046 0.111 0.403 0.038 50.12 0.031 -0.058 0.118 0.501 
SCZ EA -0.035 -0.08 0.01 0.218 0.011 -0.064 0.088 0.785 0 131.38 -0.046 -0.134 0.038 0.351 
SCZ Height -0.006 -0.053 0.041 0.814 0.005 -0.059 0.071 0.887 0.003 181.97 -0.011 -0.092 0.068 0.799 
SCZ IQ 0.008 -0.033 0.049 0.757 0.032 -0.047 0.11 0.401 0.026 -276.71 -0.023 -0.111 0.066 0.616 
SCZ Neurot 0.049 0.008 0.089 0.074 -0.016 -0.089 0.058 0.669 -0.001 133.39 0.065 -0.014 0.146 0.164 
SCZ SCZ -0.013 -0.054 0.026 0.622 -0.015 -0.091 0.058 0.685 -0.015 -13.6 0.002 -0.078 0.087 0.969 
SCZ SRH -0.073 -0.113 -0.032 0.01 -0.003 -0.074 0.068 0.938 -0.019 96.1 -0.07 -0.155 0.014 0.128 
Note. BMI = Body Mass Index; IQ = Intelligence; GCSE = General Certificate of Secondary Education (educational achievement); ADHD = 
Attention-Deficit/Hyperactivity Disorder; SCZ = Schizophrenia symptoms; EA = Educational Attainment; Neurot = Neuroticism; SRH = Self-
rated Health; B = Between-family estimate; W = Within-family estimate; L.CI = Lower 95% bootstrap percentile interval; U.CI = Upper 95% 
bootstrap percentile interval;  P = statistical significance of beta estimate; TotEff = Total effect derived as the intra-class correlation weighted 
sum of the within- and between family effect. PercRed = Reduction of prediction estimates when comparing within- to between-family 
estimates in percentage. BetaDiff = Difference of between-family and within-family beta coefficient; P.diff = statistical significance of difference 
between within- and between-family estimates.
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Table S24. Within- and between-family prediction estimates based on polygenic scores with UK Biobank or all UK discovery 
samples removed  
 
pheno GPS beta.B L.CI.B U.CI.B P.B beta.W L.CI.W U.CI.W P.W TotEff PercRed BetaDiff Diff.L.CI Diff.U.CI P.diff 
 
ADHD BMI excl UKB 0.039 0.011 0.068 3.64e-02 0.016 -0.03 0.061 5.04e-01 0.023 60.52 0.024 -0.029 0.076 4.26e-01 
ADHD EA excl all UK -0.095 -0.123 -0.065 2.93e-07 -0.093 -0.141 -0.045 
2.44e-
04 
-0.094 1.15 -0.001 -0.057 0.056 9.72e-01 
ADHD Height excl UKB 0.005 -0.024 0.034 7.73e-01 0.02 -0.026 0.067 4.14e-01 0.015 -274.51 -0.015 -0.07 0.041 6.33e-01 
BMI BMI excl UKB 0.268 0.23 0.306 2.71e-26 0.292 0.234 0.352 2.18e-21 0.285 -9.07 -0.024 -0.096 0.047 5.34e-01 
BMI EA excl all UK -0.107 -0.145 -0.067 2.15e-05 -0.069 -0.133 -0.006 4.56e-02 -0.081 35.51 -0.038 -0.111 0.037 3.73e-01 
BMI Height excl UKB -0.012 -0.049 0.025 6.18e-01 -0.058 -0.121 0.007 8.12e-02 -0.043 -370.21 0.046 -0.028 0.118 2.70e-01 
GCSE BMI excl UKB -0.085 -0.117 -0.053 7.53e-05 0.003 -0.036 0.04 8.87e-01 -0.048 103.15 -0.088 -0.136 -0.039 2.08e-03 
GCSE EA excl all UK 0.342 0.314 0.37 3.23e-64 0.137 0.098 0.177 2.15e-11 0.249 59.88 0.205 0.155 0.254 4.46e-13 
GCSE Height excl UKB 0.004 -0.027 0.034 8.58e-01 -0.01 -0.051 0.031 6.16e-01 -0.002 369.05 0.014 -0.037 0.064 6.33e-01 
SRH BMI excl UKB -0.056 -0.09 -0.023 1.27e-02 0.004 -0.064 0.068 9.06e-01 -0.004 106.98 -0.06 -0.132 0.016 1.34e-01 
SRH EA excl all UK 0.051 0.016 0.085 2.51e-02 0.027 -0.047 0.1 4.66e-01 0.03 46.46 0.023 -0.057 0.105 5.88e-01 
SRH Height excl UKB 0.058 0.025 0.093 7.49e-03 0.007 -0.063 0.076 8.48e-01 0.014 88.27 0.052 -0.025 0.129 2.18e-01 
Height BMI excl UKB -0.033 -0.071 0.007 2.04e-01 0.009 -0.042 0.062 7.39e-01 -0.009 127.78 -0.042 -0.108 0.024 2.65e-01 
Height EA excl all UK 0.032 -0.009 0.071 2.16e-01 0.009 -0.053 0.07 7.77e-01 0.019 73.04 0.023 -0.05 0.095 5.59e-01 
Height Height excl UKB 0.368 0.334 0.402 6.29e-54 0.35 0.296 0.404 4.03e-35 0.358 5.02 0.019 -0.047 0.083 6.05e-01 
IQ BMI excl UKB -0.034 -0.072 0.002 1.65e-01 0.025 -0.028 0.079 3.44e-01 0 173.67 -0.06 -0.125 0.007 1.01e-01 
IQ EA excl all UK 0.211 0.175 0.249 1.27e-18 0.017 -0.042 0.075 5.63e-01 0.095 91.83 0.194 0.126 0.265 3.41e-07 
IQ Height excl UKB -0.037 -0.074 0.001 1.33e-01 -0.007 -0.065 0.054 8.21e-01 -0.019 82.19 -0.03 -0.1 0.038 4.25e-01 
Neurot BMI excl UKB 0.003 -0.047 0.053 9.15e-01 -0.024 -0.118 0.07 6.11e-01 -0.021 825.01 0.027 -0.08 0.134 6.27e-01 
Neurot EA excl all UK 0.004 -0.044 0.053 8.88e-01 0.005 -0.093 0.105 9.17e-01 0.005 -25.51 -0.001 -0.112 0.109 9.85e-01 
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Neurot Height excl UKB -0.047 -0.093 0.001 1.12e-01 -0.011 -0.11 0.086 8.27e-01 -0.015 76.63 -0.036 -0.143 0.073 5.36e-01 
SCZ BMI excl UKB 0.068 0.028 0.107 1.40e-02 -0.01 -0.083 0.064 7.88e-01 0.01 114.1 0.077 -0.01 0.163 8.55e-02 
SCZ EA excl all UK -0.073 -0.114 -0.032 
6.90e-
03 
0.014 -0.061 0.092 7.31e-01 -0.008 118.91 -0.087 -0.178 0.002 7.22e-02 
SCZ Height excl UKB 0.019 -0.02 0.058 4.57e-01 -0.005 -0.086 0.073 8.92e-01 0.001 126.82 0.025 -0.062 0.112 5.96e-01 
                
Note. BMI = Body Mass Index; IQ = Intelligence; GCSE = General Certificate of Secondary Education (educational achievement); ADHD = 
Attention-Deficit/Hyperactivity Disorder; SCZ = Schizophrenia symptoms; EA = Educational Attainment; Neurot = Neuroticism; SRH = Self-
rated Health; UKB = UK Biobank; B = Between-family estimate; W = Within-family estimate; L.CI = Lower 95% bootstrap percentile interval; 
U.CI = Upper 95% bootstrap percentile interval;  P = statistical significance of beta estimate; TotEff = Total effect derived as the intra-class 
correlation weighted sum of the within- and between family effect. PercRed = Reduction of prediction estimates when comparing within- to 
between-family estimates in percentage. BetaDiff = Difference of between-family and within-family beta coefficient; P.diff = statistical 
significance of difference between within- and between-family estimates.
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Table S25 Phenotypic and polygenic score mean differences by polygenic score 
difference quantiles 
phenotype GPS quant mean phen CI.L CI.U mean GPS CI.L CI.U 
Height 1 0.270 -1.339 1.880 -0.004 -0.016 0.008 
Height 2 1.718 0.203 3.233 -0.003 -0.033 0.027 
Height 3 2.435 0.738 4.132 0.020 -0.030 0.071 
Height 4 3.489 2.039 4.939 -0.030 -0.102 0.041 
Height 5 1.433 -0.209 3.075 0.066 -0.025 0.158 
Height 6 1.452 -0.144 3.048 0.019 -0.101 0.139 
Height 7 4.620 2.862 6.379 -0.007 -0.154 0.141 
Height 8 3.649 1.813 5.485 -0.038 -0.218 0.142 
Height 9 7.021 5.316 8.727 0.065 -0.165 0.295 
Height 10 8.989 7.181 10.798 -0.090 -0.422 0.242 
BMI 1 0.064 -0.843 0.972 0.001 -0.012 0.014 
BMI 2 0.968 0.126 1.810 0.004 -0.029 0.037 
BMI 3 -0.555 -1.439 0.329 -0.011 -0.066 0.044 
BMI 4 1.204 0.319 2.089 -0.027 -0.105 0.051 
BMI 5 0.689 -0.073 1.451 0.055 -0.047 0.158 
BMI 6 0.885 -0.009 1.778 -0.031 -0.159 0.097 
BMI 7 1.495 0.584 2.406 0.075 -0.084 0.235 
BMI 8 1.309 0.410 2.208 -0.084 -0.281 0.113 
BMI 9 1.762 0.999 2.526 0.043 -0.200 0.286 
BMI 10 2.933 2.092 3.773 -0.026 -0.378 0.327 
IQ 1 1.369 -1.040 3.778 0.005 -0.006 0.016 
IQ 2 -0.260 -2.860 2.341 -0.011 -0.042 0.019 
IQ 3 1.139 -1.385 3.662 0.010 -0.041 0.061 
IQ 4 -0.725 -3.287 1.838 -0.009 -0.081 0.063 
IQ 5 2.081 -0.367 4.529 0.023 -0.069 0.115 
IQ 6 1.483 -0.982 3.949 0.019 -0.099 0.137 
IQ 7 1.288 -1.222 3.799 -0.051 -0.193 0.092 
IQ 8 2.379 -0.215 4.973 0.092 -0.083 0.268 
IQ 9 4.304 1.881 6.728 -0.101 -0.324 0.121 
IQ 10 3.291 0.934 5.647 0.023 -0.293 0.340 
GCSE 1 0.068 -0.067 0.203 0.005 -0.004 0.013 
GCSE 2 -0.057 -0.204 0.090 0.001 -0.023 0.024 
GCSE 3 0.195 0.053 0.336 -0.012 -0.051 0.026 
GCSE 4 0.080 -0.063 0.223 0.021 -0.033 0.074 
GCSE 5 0.097 -0.039 0.234 -0.022 -0.094 0.049 
GCSE 6 0.266 0.129 0.403 0.054 -0.039 0.146 
GCSE 7 0.226 0.083 0.369 0.084 -0.030 0.199 
GCSE 8 0.307 0.180 0.435 0.060 -0.079 0.200 
GCSE 9 0.341 0.192 0.490 0.013 -0.159 0.185 
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GCSE 10 0.471 0.327 0.614 -0.202 -0.445 0.041 
 Note. BMI = Body Mass Index; IQ = Intelligence; GCSE = General Certificate of Secondary 
Education (educational achievement); GPS = genome wide polygenic score; quant = quantile; 
phen = phenotype; CI.L = 95% lower confidence interval; CI.U = 95% upper confidence 
interval; GPS quant 1 = lowest absolute GPS twin pair difference quantile; GPS quant 10 = 







Figure S1. Within-twin pair Pearson’s correlation coefficients.  
 
Note. BMI = Body Mass Index; IQ = Intelligence; GCSE = General Certificate of Secondary 
Education (educational achievement); ADHD = Attention-Deficit/Hyperactivity Disorder; 




Figure S2. Effect sizes and significance of differences comparing between-family coefficients before and after controlling for family 
socio-economic status 
Note. Between-family prediction estimates of eight outcomes using eight polygenic scores before and after statistical correction for family 
socio-economic status. Genome-wide Polygenic Scores are presented on the y-axis, predicting each of the eight phenotypic traits. Error bars 
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are 95% bootstrap percentile intervals based on 10,000 bootstrap samples (random resampling of DZ twin pairs with replacement). Opaque 
estimates indicate statistical significance at the false discovery rate corrected threshold of p < 0.01. Brackets indicate a significant difference 
between the two between-family prediction estimates, and only significant differences are shown where at least one of the estimates is 
significant at the false discovery rate corrected threshold of p < 0.01. The dotted line represents a beta coefficient of zero. BMI = Body Mass 
Index; IQ = Intelligence; GCSE = General Certificate of Secondary Education (educational achievement); ADHD = Attention-










Note. Within- and between-family prediction estimates of eight outcomes using eight polygenic scores after statistically correcting for (A) 
parental education and (B) parental occupation. Genome-wide Polygenic Scores are presented on the y-axis, predicting each of the eight 
phenotypic traits. Error bars are 95% bootstrap percentile intervals based on 10,000 bootstrap samples (random resampling of DZ twin pairs 
with replacement). Opaque estimates indicate statistical significance at the false discovery rate corrected threshold of p < 0.01. Brackets indicate 
a significant difference between within- and between-family prediction estimate, and only significant differences are shown where at least 
one of the estimates is significant at the false discovery rate corrected threshold of p < 0.01. The dotted line represents a beta coefficient of zero. 
BMI = Body Mass Index; IQ = Intelligence; GCSE = General Certificate of Secondary Education (educational achievement); ADHD = Attention-

















Note. Within- and between-family prediction estimates of eight outcomes using eight polygenic scores before (A) and after (B) statistical 
correction for family socio-economic status, based on same-sex twin pairs only. Genome-wide Polygenic Scores are presented on the y-axis, 
predicting each of the eight phenotypic traits. Error bars are 95% bootstrap percentile intervals based on 10,000 bootstrap samples (random 
resampling of DZ twin pairs with replacement). Opaque estimates indicate statistical significance at the false discovery rate corrected 
threshold of p < 0.01. Brackets indicate a significant difference between within- and between-family prediction estimate, and only significant 
differences are shown where at least one of the estimates is significant at the false discovery rate corrected threshold of p < 0.01. The dotted 
line represents a beta coefficient of zero. BMI = Body Mass Index; IQ = Intelligence; GCSE = General Certificate of Secondary Education 












Note. Within- and between-family prediction estimates of eight outcomes using eight polygenic scores before (A) and after (B) statistical 
correction for family socio-economic status, based on opposite-sex twin pairs only. Genome-wide Polygenic Scores are presented on the y-
axis, predicting each of the eight phenotypic traits. Error bars are 95% bootstrap percentile intervals based on 10,000 bootstrap samples 
(random resampling of DZ twin pairs with replacement). Opaque estimates indicate statistical significance at the false discovery rate corrected 
threshold of p < 0.01. Brackets indicate a significant difference between within- and between-family prediction estimate, and only significant 
differences are shown where at least one of the estimates is significant at the false discovery rate corrected threshold of p < 0.01. The dotted 
line represents a beta coefficient of zero. BMI = Body Mass Index; IQ = Intelligence; GCSE = General Certificate of Secondary Education 
(educational achievement); ADHD = Attention-Deficit/Hyperactivity Disorder; SCZ = Schizophrenia.
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Note. Within- and between-family prediction estimates of eight outcomes using eight polygenic scores before (A) and after (B) statistical 
correction for family socio-economic status, based on twin pairs genotyped on OEE chip. Genome-wide Polygenic Scores are presented on the 
y-axis, predicting each of the eight phenotypic traits. Error bars are 95% bootstrap percentile intervals based on 10,000 bootstrap samples 
(random resampling of DZ twin pairs with replacement). Opaque estimates indicate statistical significance at the false discovery rate corrected 
threshold of p < 0.01. Brackets indicate a significant difference between within- and between-family prediction estimate, and only significant 
differences are shown where at least one of the estimates is significant at the false discovery rate corrected threshold of p < 0.01. The dotted 
line represents a beta coefficient of zero. BMI = Body Mass Index; IQ = Intelligence; GCSE = General Certificate of Secondary Education 
(educational achievement); ADHD = Attention-Deficit/Hyperactivity Disorder; SCZ = Schizophrenia.
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Figure S7. Within- and between-family prediction estimates based on twin pairs genotyped on OEE chip and the co-twin genotyped 






Note. Within- and between-family prediction estimates of eight outcomes using eight polygenic scores before (A) and after (B) statistical 
correction for family socio-economic status, based on twin pairs with one twin genotyped on OEE chip and the other twin genotyped on 
Affymetrix chip. Genome-wide Polygenic Scores are presented on the y-axis, predicting each of the eight phenotypic traits. Error bars are 95% 
bootstrap percentile intervals based on 10,000 bootstrap samples (random resampling of DZ twin pairs with replacement). Opaque estimates 
indicate statistical significance at the false discovery rate corrected threshold of p < 0.01. Brackets indicate a significant difference between 
within- and between-family prediction estimate, and only significant differences are shown where at least one of the estimates is significant at 
the false discovery rate corrected threshold of p < 0.01. The dotted line represents a beta coefficient of zero. BMI = Body Mass Index; IQ = 
Intelligence; GCSE = General Certificate of Secondary Education (educational achievement); ADHD = Attention-Deficit/Hyperactivity 




Figure S8. Within- and between-family coefficients estimated using a SNP-kinship 
matrix as random effect 
 
Note. Within- and between-family prediction estimates of eight outcomes using eight 
polygenic scores. Genome-wide Polygenic Scores are presented on the y-axis, predicting 
each of the eight phenotypic traits. Error bars are 95% confidence intervals calculated using 
the standard errors of the fixed effects. Opaque estimates indicate statistical significance at 
the false discovery rate corrected threshold of p < 0.01. Brackets indicate a significant 
difference between within- and between-family prediction estimate, and only significant 
differences are shown where at least one of the estimates is significant at the false discovery 
rate corrected threshold of p < 0.01. The dotted line represents a beta coefficient of zero. BMI 
= Body Mass Index; IQ = Intelligence; GCSE = General Certificate of Secondary Education 
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Note. Within- and between-family prediction estimates of eight outcomes using eight polygenic scores before (A) and after (B) statistical 
correction for family socio-economic status, using polygenic scores calculated with causal fraction of markers of 0.1. Genome-wide Polygenic 
Scores are presented on the y-axis, predicting each of the eight phenotypic traits. Error bars are 95% bootstrap percentile intervals based on 
10,000 bootstrap samples (random resampling of DZ twin pairs with replacement). Opaque estimates indicate statistical significance at the 
false discovery rate corrected threshold of p < 0.01. Brackets indicate a significant difference between within- and between-family prediction 
estimate, and only significant differences are shown where at least one of the estimates is significant at the false discovery rate corrected 
threshold of p < 0.01. The dotted line represents a beta coefficient of zero. BMI = Body Mass Index; IQ = Intelligence; GCSE = General Certificate 
of Secondary Education (educational achievement); ADHD = Attention-Deficit/Hyperactivity Disorder; SCZ = Schizophrenia. 
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Figure S10. Within- and between-family prediction estimates based on polygenic 
scores with UK Biobank or all UK discovery samples removed  
 
Note. Within- and between-family prediction estimates of eight outcomes in using polygenic 
scores with UK Biobank or all UK samples removed at discovery stage. Genome-wide 
Polygenic Scores are presented on the y-axis, predicting each of the eight phenotypic traits. 
Error bars are 95% bootstrap percentile intervals based on 10,000 bootstrap samples 
(random resampling of DZ twin pairs with replacement). Opaque estimates indicate 
statistical significance at the false discovery rate corrected threshold of p < 0.01. Brackets 
indicate a significant difference between within- and between-family prediction estimate, 
and only significant differences are shown where at least one of the estimates is significant 
at the false discovery rate corrected threshold of p < 0.01. The dotted line represents a beta 
coefficient of zero. BMI = Body Mass Index; IQ = Intelligence; GCSE = General Certificate of 
Secondary Education (educational achievement); ADHD = Attention-Deficit/Hyperactivity 
Disorder; SCZ = Schizophrenia; EA = Educational Attainment; UKB = UK Biobank.  
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